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Abstract :  Recently, reliance on surveillance systems to detect Suspicious Human Activities (SHA) in public and 

crowded places has increased. Despite the significant progress in surveillance cameras, climatic conditions and 

low light still challenge the quality of videos captured by these cameras. Moreover, the improvement methods 

vary with the diversity of challenges, such as low light and climatic conditions. 

Therefore, researchers and developers resort to applying initial pre-processing for these videos to enhance the 

quality and contribute to their analysis. In addition, due to the lack of SHA datasets, in this work, we first collect 

a unique data set for SHA, which indicates the existence of a fight between a group of individuals in public places. 

Secondly, we propose a model to enhance the quality of videos using different techniques such as Adaptive 

Histogram, Gaussian Blur, Grayscale, and Median Filter. These techniques are considered the initial processing 

stage and prepare the dataset for detecting SHA in public and crowded places when the number of people is 

more than eight. In the future, we plan to apply segmentation techniques that enhance the performance of SHA 

detection. 

Keywords: Adaptive Histogram, Gaussian Blur, Video Enhancement, Suspicious Activities, Crowd, and Public 

Areas. 

 

1. Introduction 

Surveillance cameras, proposed in 1870, became 

essential after the introduction of closed-circuit 

television. The growing use of video in various 

domains, such as social security in crowds and 

public areas, necessitated quality improvements. 

With artificial intelligence, real-time video analysis 

became possible [1]. Figure.1 illustrates the primary 

obstacles that surveillance systems encounter. 

 
Figure 1 Different Challenges Facing Video 

Surveillance 

Surveillance systems face environmental and 

hardware challenges that affect video quality, 

including weather conditions and lighting issues. 

Modern computer vision algorithms can address 

these issues [2], while video enhancement 

techniques like median, sharpening, and Gaussian 

filters address noise reduction and low-light issues. 

Machine learning and deep learning techniques use 

large-scale training sets and advanced neural 

networks to learn image and video degradation 

processes[3]. 

One of the significant challenges is the lack of 

available datasets on suspicious human activities, 

especially fighting between a group of people. For 

that reason, we have collected our won dataset, 

namely(Group Fight Dataset) GFD, from different 

resources such as the hockey dataset [4], U.C.F. 

Crime Dataset [5], and YouTube. This data is 

concerned with suspicious movements in crowded 

environments. The primary contributions to this 

work are listed as follows:  

• Collecting a new dataset of suspicious human 

activities in a crowd focusing only on CCTV 

footage.  
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• Prepare the new dataset for further processing 

by removing the audio layer, resizing, and 

cropping all videos. 

• Enhancing videos by using different 

enhancement techniques.  

• Compare the results of original videos and 

enhancement videos using different evaluation 

metrics.  

The paper's content is structured as follows: Section 

II presents the related work. Section III details the 

materials and methods. Section IV delves into 

experimental analysis, Section V presents the 

experimental results and discussion, and Section VI 

addresses limitations and future work. The 

conclusion is summarized in section VII. 

2. Related Work  

Computer vision relies on video enhancement for 

surveillance applications, with traditional 

techniques like Gaussian filters and sharpening 

filters being used[6]. However, machine learning 

and deep learning techniques have become more 

advanced[7], such as histogram equalization and 

regression models [8]. Deep learning approaches 

like convolutional neural networks have shown 

impressive results in addressing the challenges of 

video data's increasing complexity and 

variability[9]. 

Data matching and histogram shaping are 

introduced in[10] to enhance CCTV surveillance 

video images, improving image quality in normal 

broad daylight conditions. An anisotropic guided 

filter refines dark channels and transmission, 

enhancing brightness and contrast while preserving 

details and minimizing overexposure[11]. A new 

CLAHE-based method called CLAHE_LUV removes 

lighting inconsistencies, particularly in low-light and 

dark frames of video[12]. A network for multimedia 

surveillance is established using discrete wavelet 

transform (DWT) and single value analysis (SVD), 

which combines SVDDWT with averaging and 

contrast filtering to improve low-light video frames 

with distortion[13]. CLAHE and Gaussian Filter 

methods are used to improve CCTV image quality 

by resizing surveillance camera screenshots to 

512X512 and converting them to grayscale. 

In real-time monitoring, the suggested system 

detects suspicious activities with 97.65% accuracy 

and uses 75% less RAM[14]. Dynamic correction 

prioritizes questionable pixels, while correction-

based frame differential detects suspicious items in 

consecutive frames in real time. High-resolution 

capture suspicious frames and tires matter, saving 

memory by diverting non-suspicious frames[15]. 

3. Materials and Methods 

According to the existing research for enhancing 

surveillance videos, our method is structured in 

almost four stages, as depicted in Figure 2. In the 

following sub-section, we describe each of these 

stages. 

3.1 Video Enhancement Techniques 

Surveillance videos often face challenges like 

inadequate lighting, background noise, and limited 

object distinction[16] [17]. As illustrated in Figure 

2.We have created a new method to improve these 

issues by converting images into grayscale[18], 

applying median filtration[19], using a Gaussian 

filter[20][11], and implementing the limited 

variability adaptive histogram equation (CLAHE). 

Grayscale conversion simplifies video frames, 

enhancing the visibility of details in low-light 

scenarios[21]. Median filtering reduces noise while 

preserving edges from sensor imperfections or 

Figure 2 General Architecture of Videos Enhancement 
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environmental factors[22]. Gaussian blurring 

smooths out images by applying a Gaussian kernel, 

reducing high-frequency noise and small-scale 

details[23]. CLAHE improves the contrast and 

visibility of details in surveillance videos[24]. The 

method is applied to our collected dataset 

described in Section 4.2. Moreover, MSE, PSNR, and 

SSIM are used to evaluate the quality and accuracy 

of our enhancement method [25]. as shown in the 

results and discussion section. 

3.2 Data Collection  

The lack of an available dataset for video 

surveillance based on human suspicion is one of the 

big challenges in video enhancement thus 

motivating us to collect our dataset. The dataset 

was collected from different resources such as the 

UCF-Crime dataset [5] [26], the Hockey dataset [4], 

and finally, a set of videos from YouTube. This data 

set concerns suspicious movements that indicate a 

fight between a large group of people. CCTV 

cameras capture 90% of the videos collected in our 

dataset. 

3.3 Data Preparation 

Video processing has different steps. Starting with 

preparing videos for further processing which 

fundamental step. To facilitate video analysis and 

object recognition, however, there are general 

initial processing steps such as adjusting brightness, 

contrast, and digital noise level. In our proposed 

method, we have used four techniques starting 

with resizing videos by 320x240, video cutting, and 

removing the sound layer from each video to 

reduce the total size of each video in our dataset. 

Moreover, the Video Frames Extracting Techniques 

have been used via deep learning-based object 

detection techniques, cluster-based analysis, the 

Generalized Gaussian density method, the General-

Purpose Graphical Processing Unit, and Histogram 

difference techniques for extracting essential 

frames from videos. These techniques extract 

frames that represent the video's content for object 

recognition, detection, tracking, and 

summarization. The choice of technique is 

determined by the application and the required 

level of precision and performance[27].  

4. Experimental Analysis 

We compare the performance of our proposed 

model to CCTV video enhancement work in this 

section. A dataset from various sources is used for 

evaluation. We explain all datasets in Sub-Sect 4.2. 

The compression task uses three evaluation metrics 

and four enhancement methods: grayscale, median 

filter, gaussian blur, and contrast limited adaptive 

histogram equalization. 

4.1. Experimental Environment  

Google Colab, Python 3.8, NumPy, pandas, 

TensorFlow, Keras, Sklearn, and Scikit-learn were 

used to run the experiments on a system with the 

specified data. Tesla T4 has 40 multiprocessors, 7.5 

capability, and 14 GB memory. Datasets, baseline 

models, evaluation metrics, and experimental 

results will be covered in subsequent subsections. 

4.2. Datasets 

Our datasets for this issue are unidentified. We 

chose to collect our dataset. We analyze Hockey 

and UCF-Crime benchmark datasets to find relevant 

videos. YouTube videos related to our issue are also 

collected. UCF-Crime Dataset Includes 128 hours of 

unedited, real-world surveillance footage, totalling 

1900 films. Pictures are taken from every tenth 

frame of every movie to evaluate anomaly 

detection systems [5][26].and the Hockey Dataset 

contains NHL game footage. Each fight or non-fight 

video clip has 50 frames at 720 x 57 pixels. 

4.2.1. Collected Dataset Group Fighting Dataset 

(GFD) 

Suspicious human activities are rare in public areas, 

often leading to violence. Data sets vary in 

suspicious activities, with surveillance cameras 

affecting video quality. This study collected a 

unique dataset of suspicious movements in 

crowded areas, using UCF-Crime[26], Hockey [4] 

datasets, and YouTube videos. CCTV cameras 

captured 90% of the videos, highlighting the 

importance of monitoring and tracking such 

activities in public spaces. The dataset aims to 

provide a unique perspective on fighting between 

groups in crowded areas. Table 1 describes our 

dataset. 
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Table 1 GFD Collected Dataset Description 

Source  
No. Of 

Videos 

Average Number of Frames 

Total Duration by Seconds 1 To 

100 

100 To 

1000 

Above 

1000 

Hockey Dataset 61 √   67 

UCF-Crime 11  √ √ 1492 

Youtube 20  √ √ 941 

Total 92 √ √ √ 2500 

4.3. Evaluation Metrics  

P.S.N.R., S.S.I.M., and M.S.E. are metrics used to 

evaluate video quality, measuring similarity 

between original and processed videos. They are 

used in assessing visual quality of videos, comparing 

different processing techniques, compression 

algorithms, or codecs. The goal is to identify 

methods that produce high-quality videos or 

preserve details in high-motion scenes. M.S.E. and 

P.S.N.R., based on statistical processing of pixel 

difference, do not correlate highly with subjective 

V.Q.A. scores. S.S.I.M. and MS-SSIM, which consider 

H.V.S., achieve better correlation with V.Q.A. 

scores. They compare structural features extracted 

from videos, not pixel values [28]. P.S.N.R. 

compares a signal's maximum power against 

corrupting noise. Higher values indicate greater 

compressed image or video quality. P.S.N.R. is 

calculated as Eq. (1). 

𝑃𝑆𝑁𝑅 = 10. 𝑙𝑜𝑔10  (
𝑀𝐴𝑋𝐼

2

𝑀𝑆𝐸
)      (1) 

The mean squared error (MSE) is the average 

squared difference between the original and 

compressed video frames, and 𝑀𝐴𝑋𝐼
2 is the image's 

maximum pixel value [29]. The S.S.I.M. (Structural 

Similarity Index Measure) evaluates the structural 

similarity between two video frames, considering 

luminance, contrast, and structure. It’s used to 

evaluate image quality post compression or 

processing S.S.I.M. is calculated as Eq. (2). 

𝑆𝑆𝐼𝑀(𝑥, 𝑦) =  
(2𝜇𝑥𝜇𝑦+𝑐1)( 2𝜎𝑥𝑦+𝑐2)

(𝜇𝑥
2+𝜇𝑦

2 +𝑐1 )(𝜎𝑥
2+𝜎𝑦

2+𝑐2)
     (2) 

Where 𝑥 and 𝑦  are two images being compared, 𝜇𝑥 

and 𝜇𝑦 are their means, 𝜎𝑥
2 and 𝜎𝑦

2 are their 

variances, 𝜎𝑥𝑦 is their covariance, and 𝑐1 and 𝑐2 are 

constants to avoid division by zero [2]. The Mean 

Squared Error (M.S.E.) [30] is a metric for evaluating 

image and video quality, calculated by averaging 

squared differences between original and 

enhanced images. Lower M.S.E. values indicate 

better quality, but it’s not always a reliable indicator 

of visual image quality. M.S.E. is calculated as Eq. 

(3). 

𝑀𝑆𝐸 =  
1

𝑚𝑛
 ∑ ∑ [𝐼(𝑖, 𝑗) − 𝐾(𝑖, 𝑗)]2𝑛−1

𝑗=0
𝑚−1
𝑖=0   (3) 

Where 𝐼(𝑖, 𝑗) represent the pixel value of the 

original video frame at position (𝑖, 𝑗), 𝐾(𝑖, 𝑗) 

represent the pixel value of the compressed video 

frame at position (𝑖, 𝑗), and m and n represent the 

dimensions of the video frames. [31] 

In summary, PSNR., SSIM., and MSE. are all metrics 

used to evaluate the quality of video frames after 

compression or processing, with higher PSNR. and 

SSIM. values and lower M.S.E. values indicating 

better quality. 

5. Experimental Results and Discussion 

Python has several image processing and computer 

vision libraries. In this research we have used 

different library to enhance the quality of videos 

Figure 3 Experiment Flow Steps 
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such as OpenCV. The proposed model follows 

different steps as illustrated in Figure 3. In this 

section, we explore and discuss all results of our 

proposed model for all datasets with different 

scenarios. 

5.1. Hockey Dataset 

5.1.1.  Results Before and After Enhancement 

Using All Frames 

Before applying our Enhancement method, we 

evaluated video frames using PSNR, SSIM, and MSE. 

With 40 frames per video, we selected specific 

frames to display their values and compare them 

with the improvement results. Table 2 and Figure 4.  

presents the results before and after an experiment 

on HCKY01 video from a hockey dataset, which 

extracts video files into frames and applies an 

enhancement method. The selected frames and 

outcomes are displayed. The percentage of 

improvement increases and the margin of error 

reduces, with PSNR (24.38-25.92), SSIM (69.30-

70.41), and MSE (44.11) as the lowest values.  

 

Table 2 Result Before Enhancement for Each Frame in The Video 

Video  
  Before After  Before After  Before After  

Frames PSNR PSNR SSIM SSIM MSE MSE 

HCKY01 

1 24.7 25.9 70 73.3 59.8 54.4 

5 24.3 25.7 73 76.6 58.3 49.9 

10 24.3 25.8 73.1 76.5 54.8 44.1 

15 24.1 25.6 70.2 74.7 65.9 59.1 

20 23.5 24.9 70.1 75.4 67.1 60.1 

25 23.3 24.6 70.7 75.4 63.7 58.2 

30 23.2 24.5 71 75.7 65.6 55.6 

35 23.2 24.5 71.3 75.6 62.7 51.3 

40 23.1 24.4 70.9 75.6 62.5 54 

5.1.2. Results Before and After Enhancement 

Using Average of All Video Frames  

Table 3 displays the average PSNR (22.21), SSIM 

(70.86), and MSE (65.50) enhancement results for 

five Hockey dataset video files before and after the 

proposed method. Figure 5 shows the average 

enhancement outcomes for video file frames based 

on PSNR (23.48), SSIM (75.62), and MSE (54.99) 

ratios. A random selection of five Hockey dataset 

video files shows a variation in outcomes after 

improvement.  

Table 3. The Average Result for All Frames in Each Video Before and After Enhancement 

 

Video 

 Before After Before After Before After 

Frames PSNR PSNR SSIM SSIM MSE MSE 

HCKY01 40 23.1 24.4 70.9 75.6 62.5 54 

HCKY02 40 22.5 23.5 70.9 75.6 67 59.7 

HCKY03 40 20.9 21.8 70.9 75.6 65.5 59.2 

HCKY04 40 22.2 23.2 70.9 75.6 63.5 59.7 
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Figure 4 The Results Before and After an Experiment on HCKY01 Video 
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HCKY05 40 20.6 21.5 70.9 75.6 66.5 61.8 

5.2. UCF Crime [Fight] Dataset 

5.2.1. Results Before and After Enhancement 

Using All Frames  

Table 4 and Figure 6 show PSNR, SSIM, and MSE 

values for individual frame clusters in each video 

before and after our enhanced technique. Frames 

with the highest overall frame rates are chosen. 

Before improvement, PSNR, SSIM, and MSE ratios 

are 19.9-20.0, 61.8-64.0, and 73.5-77.3, 

respectively. The video frame extraction enhanced 

results are also shown. The enhancement method 

produces various outputs for each video frame. The 

results of the specified frames are in Table 3. Also, 

the improvement rate has grown since Table 3. The 

margin of error reduced when PSNR was 19–20.0, 

SSIM was 61.8–65.2, and MSE was 73.2.  

 

Table 4 Result Before and After Enhancement for Each Frame in The Video 

    Before After Before After Before After 

Video Name Frames  PSNR PSNR SSIM SSIM MSE MSE 

UCF02 

1 19.9 23.5 63.9 83.8 74.5 67.5 

500 19.9 23.7 64.2 83.9 73.2 66.8 

1000 19.9 23.7 64 83.8 73.5 66.8 

1500 19.9 23.6 61.8 83 74.3 67.8 

2000 19.9 23.5 65.2 84 74.2 65.9 

2500 19.9 23.6 63.4 83.5 74.5 68 

3000 19.9 23.6 62.8 83.3 75.9 70.6 

3100 19.9 23.6 62.6 82.9 77.3 71.9 

5.2.2 Results Before and After Enhancement 

Using Average of All Videos 

Table 5 and Figure 7 present a comparison of the 

improvement results achieved by implementing the 

proposed strategy. The table displays the 

PSNR ratio of 18.5, the SSIM ratio of 67.4, and the 

MSE ratio of 89.2 for a random sample of five video 

files from the UCF Crime dataset collection. 
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Figure 5 Average Values for All Frames in Each Video Before and after Using the Enhancement Method 
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Table 5  The Average Result for All Frames in Each Videos Before and After Enhancement 

    Before After Before After Before After 

Video   Frames PSNR PSNR SSIM SSIM MSE MSE 

UCF01 804 18.9 20.8 75.4 90 89.2 90.4 

UCF02 3100 19.9 23.6 62.5 83 76.4 70.6 

UCF03 2208 19.4 20.3 82.8 87.9 80.8 78.6 

UCF04 3565 22.1 24.1 76.9 75.6 62.4 71.2 

UCF05 4456 18.5 19.7 67.4 78.2 78.2 71.5 

5.3. Our Collection from Youtube  

5.3.1. Results Before and after Enhancement 

Using All Frames 

 The video file has many frames, so we assigned 

PSNR, SSIM, and MSE values to groups of frames. 

Table 6 and Figure 8.  show video frames with high 

PSNR, SSIM, and MSE. Using estimated video frame 

rates, PSNR is (22.5 to 23.1), SSIM is (61.8 to 63.9), 

and MSE is (50.9 to 55.1). This data is necessary 

before optimizing.  Moreover, it shows the video 

file experiment results in frames. Our method yields 

multiple results in each video frame and shows 

selected frames and results. The improvement 

percentage has also increased. PSNR, SSIM, and 

MSE (48.9) became the lowest error values, 

decreasing the margin of error.  

 

Table 6 Results Before and After Enhancement for Each Frame in The Video 

  Before After Before After Before After 

Video Name Frames PSNR PSNR SSIM SSIM MSE MSE 

YTBCOL1 

1 22.5 25 61.8 70 53.5 48.9 

20 22.6 25.1 62 69.8 52.9 49.7 

40 22.7 25.3 63 70.1 52.9 48.2 

60 22.9 25.4 63.6 70.3 52 46.9 

80 23.1 25.6 63.3 70.5 51.2 47 

100 23.1 25.6 63.3 70.3 50.9 45.8 

120 23.1 25.6 63.6 70.2 53.1 47.5 

140 23.1 25.7 63.9 70.4 51.9 47.4 

149 23.1 25.6 62.6 69.3 55.1 52.6 

 

 
Figure 8 Results Before and After Enhancement for Each Frame in The Video
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Figure 7 Average Values for All Frames in The Videos Before and After Enhancement 
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5.3.2. Results Before and After Enhancement 

Using Average of All Videos 

Table 7 displays the average enhancement 

outcomes before and after our technique, 

depending on the average video frame count. PSNR 

(23.2), SSIM (67.7), and MSE (57.9) ratios and five 

YouTube video files randomly selected are shown. 

In addition, Table 7 also displays the proposed 

method's average enhancement based on video 

frame count. PSNR (24.9), SSIM (70.9), and MSE 

(55.0) ratios and five YouTube video files selected 

randomly are shown in the table. Enhancement 

improved duplicate video files in Figure 9. 

Table 7 The Average Result for All Frames in Each Video Before and After Enhancement 

 

Video 

 

Frames 

Before After Before After Before After 

PSNR PSNR SSIM SSIM MSE MSE 

YTBCOL1 149 23.1 25.6 62.6 69.3 55.1 52.6 

YTBCOL2 356 21.5 22.2 63.4 70 59.1 56.1 

YTBCOL3 432 23.8 26.9 64.9 69.5 40.9 38.8 

YTBCOL4 872 22.8 24.9 67.7 70.9 57.9 52.8 

YTBCOL5 449 23.2 25 66.9 72.4 57.4 55 

 

5.4. Qualitative Results Compression 

Between Three Datasets  

The GFD dataset was created by combining data 

from various sources, and the improved technique 

led to higher video quality. Table 8 displays the 

average results of multiple data sets, showing an 

increase in PSNR by 1.618%, an increase in SSIM by 

9.224%, and a decrease in MSE by 3.526%. Figure 

10 compares the results of 3 datasets, which are the 

resources of our collated GFD dataset. 

 

Table 8 Comparing The Evaluation Result for Our Dataset Which Collected from Different Resprouts 

Video Name 

Average Values for All Frames in The 

Video Before Enhancement 

Average Values for All Frames in The 

Video After Enhancement 

PSNR SSIM MSE PSNR SSIM MSE 

UCF Crime 19.5 65.9 67.4 21.1 75.1 65.5 

hockey 22.6 72.8 59.2 20.5 64.8 63.1 

YTBCOL 21.8 66.2 62.2 23.6 73.1 58.7 

 
Figure 5 Comparative Between Results Of 3 Datasets Which Are the Resources Of Our Collated Dataset

Figure 9 Average Values for All Frames in The Video Before and After Enhancement 
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6. Limitations and Future Work 

Video enhancement techniques like Grayscale, 

Median Filter, Gaussian Blur, and Adaptive 

Histogram CLAHE can improve CCTV footage for 

detecting suspicious behavior in crowded areas. 

However, these methods have limitations such as 

loss of color information, blurring effects, and 

challenges in local contrast enhancement. Future 

research needs to address issues like lighting, 

weather, and camera views. Deep learning 

methods like CNN and RNN can enhance video 

quality and identify suspicious behavior by learning 

complex patterns. The lack of diversified and large-

scale datasets for detecting suspicious activities is a 

challenge. Future efforts should focus on creating 

extensive datasets with various situations and 

environmental variables. More CCTV cameras in 

public spaces can enhance community safety by 

increasing surveillance and aiding in video quality 

and behavioural studies. 

7. Conclusion 

Identifying suspicious activities of individuals within 

a video in public and crowded places is challenging. 

Many reasons, such as climatic conditions and 

lighting, are the most significant factors that 

degrade the quality of video surveillance camera 

capture. All these results in the loss of a great deal 

of information, which limits the identification of 

individuals or group activities and thus makes it 

very difficult to determine their activities. On the 

other side, due to the lack of datasets, we collected 

our GFD dataset from three available resources: 

Hockey Fight, UCF Crime, and YouTube. 

Furthermore, we apply different techniques to 

enhance the quality of our collection of videos. The 

dataset was trained and tested via the proposed 

model and evaluated using three evaluation 

metrics, namely PSNR, SSIM, and MSE. The results 

demonstrate that our proposed model enhances 

video quality and improves outcomes. This paper 

enhances video quality and provides researchers 

with numerous opportunities to tackle various tasks 

like segmentation and tracking. 
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