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Abstract: In this paper, an efficient technique for anomalous pedestrian activity detection in the academic institution is 

proposed. At the pixel and block levels, the proposed method elicits motion components that accurately represent 

pedestrian action, velocity, and direction, as well as along a frame. We also adopted these motion features to detect 

anomalous actions. The detection of anomalous behavior in academic environments is not available at the moment. 

Similarly, the existing method produces a high number of false positives. An anomaly detection dataset and a newly 

designed proposed student behavior database were used to validate the proposed framework. A significant improvement 

in anomalous activity recognition has been demonstrated in experimental results. Based on motion features, the 

proposed method reduces false positives by 3% and increases true positives by 5%. A discussion of future research 

directions concludes the paper. 
 

Index Terms: Artificial Intelligence, Computer vision, Pedestrian dataset, Tracking, Detection, Motion Pattern, 

Anomalous activity. 

 

 

1. Introduction 

Surveillance cameras are now used to keep an eye on both public and private notable areas. Monitoring the 

conduct of pedestrians under human supervision is a challenging undertaking. It is difficult and time-consuming to 

identify and separate anomalous behavior patterns from video in real-time with the conventional approach. We need a 

system that can identify anomalous actions in real-time due to system restrictions. Recognizing human movement and 

activity in video frames has drawn the attention of numerous academics and experts in this field in recent years [1, 2, 3]. 

In recent years, expert's attention has shifted towards spotting anomalous activities in densely populated areas. 

Pedestrians cannot be detected and tracked in high-density areas due to factors like partial or total occlusion of objects, 

changes in object size, and variations in ambient lighting. The use of texture-based information for identifying unusual 

behaviors in crowded situations has been attempted by numerous authors. Example techniques include temporal 

gradients [4], dynamic texture characteristics [5], and spatio-temporal frequency features [6, 7]. Optical flows have also 

been studied, which can be used in video frames to identify motion features directly. Examples include motion pattern 

clusters [8, 9, 10], force map generation for congested area behavior prediction [12], heat map generation for motion 

pattern map generation [8], spatial motion feature [11], trajectory-based object motion analysis [14], motion of  
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individual object detection using an optical flow of motion directions [13], and isolated object motion pattern intensity 

based histography [13]. The motion flow pattern strategy has been shown to be useful in prior research, and we think 

there is still an opportunity for development in the current approaches. It is crucial to include information on objects of 

various sizes, their motions, speeds, and interactions between frames. By carefully examining the information related to 

this motion, we can improve our performance. The information concerning this movement can help us perform better if 

we take it into account. Regardless of the size and orientation of the object, the proposed methodology extracts the 

movement of the moving pedestrian. 

 

 
(a)                                                                                                                    (b) 

Fig. 1. Example of academic activity student anomalous behavior. (a) Mobile phone stealing (Local region). (b) Dispute in the lab. (Global region). 

We outline a brand-new motion component that effectively captures the motion patterns of objects in a congested 

space. In this method, distinct activity areas in video frames into two groups: local and global. Both the region of 

extraordinary activity and the zone of regular activity are shown in Fig.1. A local area is a discrete active area inside an 

abnormal area. A global region, on the other hand, denotes the area where odd behaviors are seen. Different methods of 

determining the region's extraordinary activity have been introduced in the literature. In [15] the author proposed a 

social force map-based method for spotting global aberrant behavior. A particle grid was used to map the optical flow 

field, and the forces exerted by the particles were determined. In [11] the author described a method for spotting fake 

local motions in a scene. In order to locate abnormalities close by, they created a subspace feature map employing 

optical flow features of various sizes. A real-time monitoring system needs a comprehensive framework that can 

identify odd student’s behavior. We put forth a special method for spotting localized and widespread aberrant student 

conduct in a crowded setting. We evaluated the proposed approach using our own student behavior dataset as well as 

other benchmark datasets, such as the University of Minnesota anomaly detection datasets. The proposed contribution 

has the following objectives: 

 

1. The main objective of the motion-based unusual activity recognition systems is to make surveillance systems 

smarter and more intelligent.  

2. To develop the active video surveillance system that can work efficiently in the real-time environment and it 

can be used as active and real-time automated medium of security.  

3. To detect anomalous or abnormal activities in videos to avoid future happening or to alert whenever any type of 

mis- happening occur.  

4. To detect intruders around the perimeter of the main building. 

 

The proposed contributions are as follows: 

 

1. To solve existing state-of-the-art database concerns such as size and illumination variance in pedestrian images, 

we present the motion pattern based unusual activity detection framework. 

2. We propose a student activity dataset. In which we have recorded the student's normal and anomalous activities.  

3. Within the framework of the proposed pedestrian dataset for academic settings, we conduct a comprehensive 

review of previous work and compare existing techniques. 

 

The remainder of the contribution is structured as follows: In Section 2, the current contribution in this field is 

described. In Section 3, we suggest a motion feature-based anomalous activity detection system. A novel pedestrian, a 

database of common behaviors created in an academic environment, and experimental findings are covered in Section 4. 

A research direction is given in the final section. 

2. Literature Survey 

The most recent and pertinent datasets on pedestrians are described in this section. We also go through the 

limitations of advanced deep learning algorithms for detecting, following, and identifying anomalous conduct in 

pedestrians. 

2.1.  Anomalous  activity detection recent methodology 

The detection of unexpected activity has recently attracted the attention of researchers in smart video surveillance 

systems. The authors of [17] discuss how challenging it is to interpret and model behavior from surveillance footage. 
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Violations were found utilizing likelihood ratio analysis and categories of pedestrian legal action in an unsupervised 

learning framework. The author of [18] offered a method for locating anomalies in a spatial and temporal context. They 

showed an immediate event for a specific object in a scene that includes the object's position, movement, direction, and 

velocity. They combine three partitioned atomic events to describe legitimate occurrences. The aforementioned 

strategies are not appropriate for situations when it is difficult to detect and monitor a single pedestrian in high-density 

locations, under various lighting conditions, and at various scales. Other more recent studies use motion flow and 

directional data to track and recognize pedestrians. The authors in [19] use the Kanade Lucas-Tomasi (KLT) technique, 

in which things are represented utilizing the motion of the objects. It employs two distinct categories of historical and 

self-history descriptors, as well as the histories of surrounding objects, to detect anomalies in a scene [10]. The author 

of [20] described a method for manually counting the number of persons in a photograph. Along with foreground 

relationships, they also used an optical-flow motion pattern. They calculated the crowd's exponential distribution 

patterns as well as the dynamic energy of using optical flow to distinguish between running and walking motions. 

Understanding and simulating densely populated people behavior has been the focus of several academics [21, 22, 23, 

24]. By modelling the behavior of the crowd, several techniques were employed to find abnormal activity around the 

world. The social force model was employed by the author in [22] to describe crowd behavior. This technique locates 

and detects the object in a scene by utilizing the optical flow of moving objects [25].  

The social force, which was calculated via latent Dirichlet allocation, is used to distribute normal activities. The 

authors of [26] examine social behavior and its behavioral using interactive energy potentials. The moving objects in a 

scene are represented as spatiotemporal interest points [27], and a KLT tracker is used to keep track of each object in a 

frame [19] [33]. On the other hand, other research teams have focused on identifying regional aberrant activity. The 

phrase "quantifiable" is used by the author to describe how uncommon it is to choose uncorrelated motions from a 

geographical environment in [11]. They identified the index in numerous channels that were travelling in diverse 

directions and at various rates. Nearly all the anomalous behavior in the area could be detected using the linear map that 

was provided. The author of [8] used motion intensities to build a motion heat map and compared it to local motion 

fluctuations. The authors of [5] use atypical behaviors that are localized in crowded settings utilizing spatial cues.  Once 

more, crowd behavior analysis has been done using spatio-temporal cuboids that were recovered from optical flow or 

gradient pattern characteristics [29, 34, 35, 36, 37]. The aforementioned techniques have been found to be effective in 

research, although they are often only capable of spotting odd activity in a local or global setting. In present state-of-

the-art view, depicting pedestrian activity in a high-density scene can be accomplished by considering the motion flows 

pattern, changing item sizes, and interactions between close-by objects in a frame [38, 39, 40]. This can improve 

performance in detecting anomalous activity. In this study, we offer a powerful technique for capturing motion data and 

employing a motion feature to identify both local and global aberrant behaviors [40, 41, 42]. 

2.2.  Pedestrian Dataset 

We outline pedestrian datasets used by scientists to identify anomalous activities and detect and track pedestrians. 

First, there are 350 000 annotated bounding boxes in the Caltech dataset that represent 2,300 distinct pedestrians. Using 

the camera installed on the car and a city road, this dataset was produced [3]. The second dataset is the well-known 

pedestrian dataset from MIT, which includes examples of high-quality pedestrian images. There are 709 different 

pedestrians present. The variety of posture images captured on city streets [4], whether in front view or back view, is 

somewhat constrained. Third, Daimler, this dataset documents pedestrian activity in an urban setting during daylight 

hours using cameras mounted on moving vehicles. The dataset consists of ground truth images, floating disparity map 

files, annotated labeled bounding boxes, and pedestrian tracking features. 15560 pedestrian images and 6744 annotated 

pedestrian images make up the training set. 56,492 annotated images and 21,790 images of pedestrians make up the test 

set [5]. The ATCI dataset, a database of pedestrians collected by a typical car's rear-view camera, is used to evaluate 

pedestrian detection in parking lots, metropolitan settings, city streets, and private as well as public lanes. The data 

collection consists of 200,000 indicated pedestrian bounding boxes and 250 video clips, each lasting 76 minutes and 

taken under daylight conditions with contrast weather conditions [6]. The traffic scene is observed from the inside of the 

car using the ETH dataset. Over the car, the actions of pedestrians are seen. The dataset can be used in an urban 

environment for mobile platform-based pedestrian tracking and recognition. The dataset includes both on-road vehicles 

and pedestrians [7]. The TUD-Brussels dataset was produced in an urban setting on a mobile device. The vehicle's front 

side was equipped with a camera that was used to capture the activity of crowded metropolitan streets. It can be used in 

urban driving safety scenarios [8]. The INRIA dataset is one of the most ethereal pedestrian detection datasets. It 

includes human activity along with a moving camera and intricate background scenes with different variations in 

posture, appearance, clothing, background, lighting, contrast, etc. [9].  Static objects with varying angles and positions 

can be found in an urban scene in the PASCAL Visual Object Classes (VOC) 2017 and 2007 collection. The objective 

of this dataset was to identify visual item types in practical situations. There are 20 distinct categories in this collection, 

including those for people, cars, trees, and road signs [10]. The MS COCO 2018 dataset was used to create the 

Common Object in Context [11].  

Recently, the 2018 dataset was used with an emphasis on stimulus item detection to identify various things in the 

context. The annotations provide instances of various items related to 91 distinct human segmentation categories and 80 

distinct object categories. There are five picture labels per sample image and key point annotations for pedestrian 

examples. The COCO 2018 dataset tasks include (1) real-scene item recognition with a segmentation mask, (2) panoptic 
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segmentation, (3) pedestrian key point evaluation, and (4) Dense Pose estimation in a congested scene [12]. The 

Mapillary Vistas Research dataset is used to segment street pictures [13]. With the use of panoramic segmentation, 

which successfully combines the ideas of semantic and instance segmentation, pedestrians and other non-living 

categories are solved. Table 1 compares pedestrian databases and the reasons for their video surveillance. We've also 

added our suggested dataset, which is described in the section after this one. The usage, size, environment, label, and 

annotation of the dataset all play a role in the link. These specifics are needed to confirm that the object detection and 

tracking algorithms are accurate. 

Table 1. Comparison of benchmark pedestrian dataset. 

Dataset  Dataset size Annotation Environment Year Ref. Issues and Challenges 

Caltech 

 

250000 frames 2300 unique 

pedestrian  

City street  2012 [3] Only urban roads are captured.  

MIT 

 

709 unique 

pedestrians 

No annotated 

pedestrian 

Day light 

scenario 

2000, 

2005 

[4] Missing annotation not allow user to verify 

different techniques. 

Daimler 15,560 unique 

pedestrians 

Ground truth with 

bounding boxes. 

City street 2016 [5] Only urban roads are captured.  

GM-ATCI Video clips:250 Annotated pedestrian 

bounding boxes: 
200K 

Day and complex 

Weather and 
lighting 

2015 [6] Only urban roads are captured. Side view of 

road not captured. 

ETH Videos Annotated cars and 
pedestrians 

City street 2010 [7] Small size dataset. Limited scenarios cover. 

TUD 
Brussels 

1092 frames 
 

Pedestrian Annotation 
1776 

 

City street 2009 [8] Only urban roads are captured.  

INRIA 498 images Manual Annotations City street 2005 [9] Only urban roads are captured.  

PASCAL 
VOC 2012 

11,530 images, 20 
objects classes 

ROI 
Annotated 27,450   

 

City street 2012 [10] Only urban roads are captured.  

MS COCO 

2017 

328,124 images  Segmented 

people object 

City street 2017 [11] Only urban roads are captured.  

MS COCO 

2015 

328,124 images  Segmented 

people object 

City street 2015 [12] Only urban roads are captured.  

Mapillary 
Vistas 

dataset 

2017 

152 objects 
, 25,000 images 

categories 

 

Pixel accurate 
instance Pedestrian 

annotations 

City street 2017 [13] Only urban roads are captured. Side view of 
road not captured. 

3. Proposed Methodology 

The proposed method accurately depicts the moving object features in dense locations by exploiting data on 

pedestrian motion. We noticed the quick and deliberate movement of an unusual pedestrian activity in both the local 

and global parts of the image. The general design of the proposed method is depicted in Fig.2. Each frame is split into 

blocks, from which motion data is then extracted to create motion characteristics at the pixel and block levels. 

 

 

Fig. 2. Proposed framework architecture for motion feature extraction using Pixel-level Optical Flow. 

The following steps comprise the motion feature extraction process: 

Input Video 

Frame 
Pixel level Optical flow Local and Global region identification 

Motion Estimation Motion Feature Vector 

1     2    3      

4  

K-Means cluttering 
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1. The activities of moving objects are segmented at the pixel and block levels and computed progressively 

throughout a set of frames. 

2. First, the motion information is extracted at pixel level using the optical flow method. The motion feature 

represented by (𝑢, 𝑣) that encodes the displacement in 𝑥 and 𝑦 direction between pixels in an 8-neighborhood. 

i.e. (left, right, up-left, up-right, down, down-left, and down-right). The optical flow is computed for each 

pixel  𝐼(𝑥, 𝑦, 𝑡). It changes its location by (𝑑𝑥, 𝑑𝑦) at time 𝑑𝑡. It is represented by Eq. 1. 

 

𝐼(𝑥, 𝑦, 𝑡) = 𝐼(𝑥 + 𝑑𝑥, 𝑦 + 𝑑𝑦, 𝑡 + 𝑑𝑡)                                                           (1) 

 

3. Next, the following equation is obtained by taking the Taylor series approximation of the right-hand side, 

eliminating common phrases, and dividing by dt:  

 

𝑓𝑥𝑢 + 𝑓𝑦𝑣 + 𝑓𝑡 = 0                                                                             (2) 

 

Were,  

𝑓𝑥  =  
𝜕𝑓

𝜕𝑥
 and 𝑓𝑦  =  

𝜕𝑓

𝜕𝑦
 

 

𝑢 =  
𝜕𝑥

𝑑𝑡
 and 𝑣 =  

𝜕𝑦

𝑑𝑡
 

 

Here, 𝑓𝑥 and 𝑓𝑦 are the gradient and 𝑓𝑡 is the gradient over time. (𝑢, 𝑣) are the unknown term computed using the 

Lucas-Kanade method and it is represented by Eq. 3. 

 

[
𝑢
𝑣
] =  

[
 
 
 
 ∑𝑓𝑥𝑖

2

𝑖

∑ 𝑓𝑥𝑖

𝑖

𝑓𝑦𝑖

∑ 𝑓𝑥𝑖

𝑖

𝑓𝑦𝑖 ∑𝑓𝑦𝑖
2

𝑖 ]
 
 
 
 

[
 
 
 
 −∑ 𝑓𝑥𝑖

𝑖

𝑓𝑡𝑖

−∑𝑓𝑦𝑖

𝑖

𝑓𝑡𝑖
]
 
 
 
 

 

 

4. Different orientations of the motion characteristics are retrieved. A single feature matrix that embodies both 

spatial and temporal properties is produced after the integration of motion information. 

5. To categorise the activity, k-means clustering is done for each zone to pinpoint the global and local region. 

6. Frame-level clustering produces different clustered motion sequence that is represented as features. Extracted 

features contain the motion of an item in each frame. 

7. Using pixel-level localization, we may pinpoint the precise position of the unexpected behaviour after 

classifying a frame as unusual. The procedure will go on until the entire video sequence has been produced.  

 

A technique that involves going through each frame of a video stream and looking for anomalous human activity. 

Each pixel's optical flow in Eq. 3 is first extracted using the proposed method. 

 

𝐵𝑙𝑜𝑐𝑘𝑖 =
1

𝐽
∑ 𝑓(𝑥, 𝑦)𝑖

𝑗
𝑛

𝑗=0
                                                                     (3) 

 

Where, 𝐵𝑙𝑜𝑐𝑘𝑖  represented by the i
th

 position in block of optical flow, each pixel in a frame size is denoted by J, i
th 

block j
th 

pixel of each individual frame of optical flow is denoted by 𝑓(𝑥, 𝑦)𝑖
𝑗
.  

Furthermore, each block threshold is computed, which is represented by 𝑇ℎ𝑑 using optical flow motion pattern 

denoted by 𝐵𝑙𝑜𝑐𝑘𝑖  and it is having the width 𝑊𝑑 computed using the Eq. 4. 

 
𝑇ℎ𝑑  ←  𝐵𝑙𝑜𝑐𝑘𝑖  𝑥 𝑊𝑑                                                                          (4) 

 

If the 𝐸𝑢𝑐𝑙𝑖𝐷(𝑖,𝑗) less than the threshold then the output is 1 and in other condition it is set to 0. The angle between 

the motion feature vector represented by 𝛩𝑖𝑗 . 

 

 

 

 

The motion feature vector is computed using  𝑀𝑜𝑡𝐹 (𝛩𝐵𝑖), 𝐸𝑢𝑐𝑙𝑖𝐷(𝑖,𝑗), and 𝐵𝑙𝑜𝑐𝑘𝑖 represented by Eq. 5.  

 

𝑀𝑜𝑡𝐹 =
𝑀𝑜𝑡𝐹 (𝛩𝐵𝑖)+ 𝐸𝑢𝑐𝑙𝑖𝐷(𝑖,𝑗)

𝐵𝑙𝑜𝑐𝑘𝑖

                                                             (5)

1 

0 Otherwise 

𝐸𝑢𝑐𝑙𝑖𝐷(𝑖,𝑗) <   𝑇ℎ𝑑 

𝛩𝑖𝑗{ 

 =  
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wherein 𝑀𝐹 is the motion vector of the block. The Euclidean distance between 𝑖𝑡ℎ  and 𝑗𝑡ℎ block is represented by 

𝐸𝑢𝑐𝑙𝑖𝐷(𝑖,𝑗). The algorithm that follows provides a basic description of motion feature extraction. Additionally, the 

motion region in a frame was clustered at the frame level, with each cluster's optical pixel flow in a distinct direction 

being considered the feature vector. The likelihood of unexpected behavior in the matching block decreases as the 

distance between them grows closer together. The classification of anomalous activities in additional frames is possible 

if a higher value of distance is found. So, the current scene is identified as an uncommon activity frame if the distance 

exceeds a certain limit of the constant threshold value. Next, we will go over the findings of the experiment. 

 

Algorithm: Motion information retrieval algorithm for spotting anomalous human activities in video. 

 Inputs:  Vi, the surveillance video input 

   N, No. of frames in video 

   W, Width of the block 

   S, Size of block for each frame 

   f, the sequence of frame 

   Blk, the individual block within the frame 

 Output:  𝑴𝒐𝒇, the motion feature vector 

3 [Read sequence of frame from video] 

for f = 1 to N do                  

      [Compute for each block Blk] 

       for i = 1 to S do     

            [Compute optical flow at the pixel level] 

             (𝑢, 𝑣) ←  OpticalFlow (𝐵𝑙𝑘𝑖)                 

             [Compute each block threshold] 

            𝑇ℎ𝑑  ←  𝐵𝑙𝑘𝑖  𝑥 𝑊                                                   

4 
 

[Process neighbor frames in video sequence] 

for j = 1 to K do                                                 

5 

  

[Compare the dissimilar frame in video sequence] 

If i ≠ j then   

 [Compute the neighbor block Euclidean distance]                                             

       𝐸𝑢𝐷(𝑖,𝑗) ←  EuD(𝐵𝑙𝑘𝑖 ,𝐵𝑙𝑘𝑗)  

6                   [Compute distance matrix and compare with threshold] 

                 if | 𝐸𝑢𝐷(𝑖,𝑗) <  𝑇ℎ𝑑 | then                    

7        Compute Angle 𝛩𝑖𝑗 across adjacent block 𝐵𝑙𝑘𝑖  𝑎𝑛𝑑 𝐵𝑙𝑘𝑗 

8                       if   − 𝛩𝐵𝑙𝑘𝑖 < 𝛩𝑖𝑗 <  𝛩𝐵𝑙𝑘𝑗  then 

9                                              𝑀𝑜𝐹 ← 𝑀𝑜𝐹(𝛩𝐵𝑙𝑘𝑖) + 𝐸𝑢𝐷(𝑖,𝑗)/𝐵𝑙𝑘𝑖          

10                      end if 

11               end if 

12       end if  

13             end for 

14      end for 

15 end for 

4. Experimental Results 

In the experiment, datasets for proposed student behaviour, anomaly detection datasets from the University of 

Minnesota, and public databases were all used. Two different factors were taken into account: 1) In the proposed and 

University of Minnesota datasets for anomaly identification, identifying global unusual activity at the frame level; and 2) 

identifying local odd activity at the and pixel levels. In this case, the pixel level detection accuracy was assessed using 

the fact that the localized area's - which is regarded as exceptional - overlapping size is greater than 40% of the ground 

truth. Similarly to earlier studies [31, 32, 33], we used the parameters of the receiver operating characteristics (ROC) 

curve, the area under the ROC curve (AUC), and the equal error rate (EER). 

4.1.  University of Minnesota Pedestrian Dataset 

The University of Minnesota dataset includes 11 video clips of crowded escape situations from three separate 

indoor and outdoor environments. There are 7,740 frames total, each measuring 320x240 pixels. A person walks around 

the scene at the beginning of each video segment. In this instance, walking was regarded as a typical activity (Fig.3a). 

Everyone in each clip makes an abrupt, quick-moving movement away from the scene (Fig.3b), which was considered 

unique in this collection. Walking along a walkway was expected to be a typical activity for this dataset. Ground truths 

at the pixel and frame levels are provided by the dataset, allowing for the localization of the unexpected activity-rich 
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areas. 34 practice clips and 36 exam segments make up single pedestrian. It has a 238x158 frame size. There are 16 

training video and 12 test clips in multiple pedestrian. The frame is 360x240 in size. The training videos only show 

regular pedestrians moving along a walkway. Unusual activities including bicycling, skating, and cart-driving are being 

done for the test clips. 

 

 
(a)                                                                                                   (b) 

Fig. 3. Sample frames of University of Minnesota dataset and corresponding motion based Optical flow (a) For normal activity. (b) For unusual 

activity. 

4.2.  Proposed Pedestrian Dataset 

The student's behavior on college property was observed using a top-notch DSLR camera from a different vantage 

point for the proposed dataset. We used a resolution of 3840x2160 and H.264 compression for shooting video at 30 

frames per second. Around 100 sample videos are present in the database. Each example video lasts 20 to 30 minutes. 

In the dataset, there is a video series with an example frame shown in Fig.4. The camera tilts from 45 to 90 degrees. 

Over 90% of Yeshwantrao Chavan College of Engineering students in Nagpur are pedestrians. They are primarily of 

Indian origin, aged 22 to 27, and 65% of them are male. The proposed pedestrian database includes a variety of student 

actions in academic activities under various circumstances, such as students studying in practical laboratories, test hall 

scenarios, the classroom, a student cheating in the exam hall, a student removing the answer key outside the exam hall, 

a student stealing the mobile phone or other electronic devices like the mouse or keyboard, a student stealing the lab 

equipment, a student quarrel on the college grounds, etc. The proposed dataset includes expert human annotations for 

each video frame. For every video sequence, we produce a csv file with the exact same file naming convention as 

videofilename.csv. There are three phases to the labelling process: 1) Human detection; 2) tracking; 3) identifying 

unusual activities; and 4) soft biometric features Prior to manually validating and correcting the data, the Mask R-CNN 

[12] approach is used to produce a first estimate of each pedestrian's position in the scene. The preliminary tracking 

information was then provided using the deep sort method [14] and was once again rectified manually. We get a 

rectangular bounding box that represents the region of interest (ROI) for each pedestrian in each frame as a result of 

these first two stages. In the manual last stage of the annotation process, a human expert who is familiar with the 

college's students creates ID information and assigns soft labels to the samples. We also give a list of potential values 

for each label. 

 

 

Fig. 4. Proposed pedestrian dataset. The first row shows the original sample images in the proposed pedestrian database. The second row shows the 

pedestrian annotation. 

4.3.  Performance Evaluation  

Each video frame is split into eight 8x8-pixel blocks, and the threshold is set to the motion feature's maximum 

feature value in the training frames of the input video sequence. Receiving Operating Curves (ROC) for the proposed 

and current approaches are shown in Fig. 5 and are taken from [31, 32, 33]. We analyze the proposed method's ROC 
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curve with the ROC curves of three cutting-edge approaches: sparse reconstruction [31], a social force model [32], and 

a mixture of dynamic textures [33]. 

 

   
(a)                                                                                                                (b) 

Fig. 5. ROC curve for the comparative analysis (a) For USD dataset. (b) Proposed Dataset. 

   
(a)                                                                                                                (b) 

Fig. 6. (a) Frame Level local anomalous activity detection (a) For USD dataset. (b) For proposed dataset. 

 
(a)                                                                                                                (b) 

Fig. 7. (a) Pixel level local anomalous activity detection (a) For USD dataset. (b) For proposed dataset. 

The proposed and current approaches given in [31, 32, 33] are represented by the Receiving Operating Curve 

(ROC) in Fig. 6 at the frame-level and pixel-level in Fig.7. In Tables 2 and 3, which provide quantitative comparisons, 

we also provided the ERRs and AUCs of the competing approaches, which were derived from the corresponding studies. 

On both datasets, with respective error rates of 16.1% and 18.1%, we found that the proposed technique performs 

comparably well compare to the conventional methods.  
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Table 2. Comparison of the proposed methodology with the state-of-the-art method on University of Minnesota anomaly detection dataset (ERR) 
frame level. 

Technique or Methodology Single Pedestrian Multiple Pedestrian Average 

Dynamic Texture Mixture [32] 22.9%  22.9%  22.9%  

Social Force Model [32] 36.5%  35.0% 35.7% 

Sparce Matrix Representation [31] 35.6%  35.8%  35.7% 

Motion-based method (Proposed) 21.1%  18.1% 16.1% 

Table 3. Comparison of the proposed methodology with the state-of-the-art method on proposed dataset (AUC) at frame-level. 

Technique or Methodology Single Pedestrian Multiple Pedestrian Average 

Dynamic Texture Mixture [32] 24.9%  23.9%  23.5%  

Social Force Model [32] 37.5%  34.0% 36.7% 

Sparce Matrix Representation [31] 32.6%  35.8%  33.7% 

Motion-based method (Proposed) 22.1%  19.2% 18.1% 

 

As demonstrated in Tables IV and V for both datasets, Area Under the Curve (AUC) for the current approach and 

the proposed method, respectively. The AUC for the proposed approach is 73.2% and 72.1%. It demonstrates that the 

suggested framework is more reliable and accurate when applied to the dataset and is, in comparison, superior to other 

methods of addressing anomalous behavior. Using a straightforward distance threshold-based classification algorithm, 

our method produced results on par with cutting-edge techniques.  

Table 4. Comparison of the proposed methodology with the state-of-the-art method on University of Minnesota anomaly detection dataset (AUC). 

Technique or Methodology Single Pedestrian Multiple Pedestrian Average 

Dynamic Texture Mixture [32] 59.3%  56.8%  58.0% 

Social Force Model [32] 40.9%  27.6% 34.2% 

Sparce Matrix Representation [31] 32.6%  22.4%  27.5% 

Motion-based method (Proposed) 64.9%  81.5% 73.2% 

Table 5. Comparison of the proposed methodology with the state-of-the-art method on proposed dataset (AUC). 

Technique or Methodology Single Pedestrian Multiple Pedestrian Average 

Dynamic Texture Mixture [32] 35.6%  35.8%  35.7% 

Social Force Model [32] 50.8%  63.4%  57.1% 

Sparce Matrix Representation [31] 74.5%  70.1%  72.3% 

Motion-based method (Proposed) 63.4%  80.2% 72.1% 

5. Conclusion 

In order to identify students engaging in aberrant behavior in a classroom setting, this paper offers a practical and 

original methodology. We can characterize pedestrian activity in a frame as normal or abnormal, and we can also 

pinpoint specific portions of abnormal activity as local or global regions, according to the spatial and temporal 

characteristics of motion-based features. We conducted tests using proposed student behavior datasets and anomaly 

detection datasets from the University of Minnesota. In comparison to state-of-the-art techniques, the experimental 

results demonstrate that the suggested framework lowers the false acceptance rate to 3% and raises the True positive 

rate to 5%. The primary objective of this effort is, however, to effectively identify aberrant behavior in a classroom 

setting. The similar approach can be utilized in the future for a variety of scenarios involving student conduct, including 

situations when students are caught cheating on exams or getting into arguments on campus. Again, if the proposed 

approach is improved by the inclusion of further features like scale, rotation, and lighting invariant features, scale, 

rotation, and illumination changes can also be addressed. 
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