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Executive Summary/Abstract 
The rapid outbreak of the Coronavirus Disease 2019 (COVID-19) has imposed restrictions on 

people’s movement and daily life [1]. Reducing the spread of the virus mandates constraining 

social interactions, traveling, and access to public areas and events [1]. These limitations arise to 

mainly advocate social distancing; the practice of increasing physical space among people to 

minimize virus transmission [2]. Monitoring and maintaining social distancing are carried out by 

governmental bodies and agencies using mass surveillance systems and closed-circuit television 

(CCTV) cameras [3]. Nonetheless, this task is cumbersome and suffers from subjective 

interpretations and human error due to fatigue; hence, computer vision and machine learning 

tools are convenient for automation [4]. In addition, they enable crowd behavior to be monitored 

and anomalies such as congested regions, curfew infractions, and illegal gatherings to be 

recognized. The widespread of mass surveillance and its integration with Machine Learning is 

hindered by ethical concerns, including possible breach of privacy and potential abuse [3]. 

Therefore, privacy-preserving surveillance and Machine Learning solutions are paramount to 

their ethical adoption and application [5]. The design of vision-based social distance estimation 

and crowd monitoring system deals with the following challenges [4]: (1) geometry 

understanding, in terms of ground plane identification and homography estimation; (2) multiple 

people detection and localization; and (3) statistical/temporal characterization for social distance 

infractions, e.g., short-term violations are irrelevant. Currently, Machine Learning-based 

solutions identify social distance infringements using off-the-shelf person detection and tracking 

models [4]. In general, the models’ performance is conjoined with privacy; they yield high 

performance by carrying and processing person-specific information to develop robustness 

against occlusions and missing data [4]. In addition, they localize human subjects via bounding 

boxes that can be over-sized or incomplete which results in significant distance estimation errors 

[6]. Therefore, we developed a privacy-preserving adaptive social distance estimation and crowd 

monitoring system that can be implemented on top of any existing CCTV infrastructure. 

Specifically, we designed a novel person localization strategy through pose estimation, built a 

privacy-preserving adaptive smoothing and tracking model to mitigate occlusions and 

noisy/missing measurements, computed inter-personal distances in the real-world coordinates, 

detected social distance infractions, and identified overcrowded regions in a scene. Performance 

evaluation was carried out by testing the system’s ability in person detection, localization, density 

estimation, anomaly recognition, and high-risk areas identification. We compared the proposed 
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system to the latest techniques and examined the performance gain delivered by the localization 

and smoothing/tracking algorithms. Experimental results indicated a considerable improvement, 

across different metrics, when utilizing the developed system. In addition, they showed its 

potential and functionality for applications other than social distancing. In brief, the main 

contributions of this project are as follows: (1) developing a robust person localization strategy 

using pose estimation techniques; (2) forming an adaptive smoothing and tracking paradigm to 

mitigate the problem of occlusions and missing data without compromising privacy; (3) designing 

a real-time privacy-preserving social distance estimation and crowd monitoring solution with 

potential to cover other application areas and tasks. 

Goals and Objectives 
We aimed to develop a privacy-preserving adaptive social distance estimation and crowd 

monitoring system that can be implemented on top of any existing CCTV infrastructure to detect 

anomalies in crowd behavior. The design process was governed by the following requirements: 

 High accuracy and reliability in terms of robustness to noise and missing data. 

 Light weight for implementation and deployment. 

 Modularity to facilitate maintenance, upgrades, decentralization, and to avoid resource 

allocation bottlenecks. 

 Privacy-preserving by not carrying nor processing person-specific features. 

 Robustness against different vertical pose states and actions, e.g., standing, sitting, bowing, 

bending, walking, and cycling. 

Differences from Current State of Art 

 Detecting and identifying threats and abnormal behaviors in video feeds have been a hot 

topic ever since computer vision algorithms became popular thanks to the advances made in 

deep learning; however, no convincing real-time solution has been provided up to date. In 

this project, we designed a real-time crowd monitoring and anomaly detection systems that 

can be deployed on CPU and GPU machines. 

 Current anomaly detection solutions excel given specific anomalies and conditions. 

Therefore, we leveraged various optimized techniques to yield a comprehensive social 

distance estimation and crowd monitoring system. 

 Current anomaly detection systems yield high performance by carrying and processing 

person-specific information to develop robustness against occlusions and missing data. In 

addition, they localize human subjects via bounding boxes that can be over-sized or 

incomplete which results in significant distance estimation errors. We solved these 

shortcomings by using a pose estimation technique to detect people because it is 
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independent of the subject’s height, width, and orientation and carries no person-specific 

information; hence, it preserves privacy. 

Methods and Datasets 
The proposed social distance estimation and crowd monitoring system is comprised of the 

following stages: 

1. Read a frame from the surveillance camera. This component can be adjusted to skip/drop 

frames in case of using high-resolution and/or high-frame-rate cameras; see Figure 1. 

2. Detect human subjects in the input frame and compute their position. The position of each 

detected subject is estimated as a single point; see Figure 2 (a). 

3. Discard any localized positions outside a selected region of interest (ROI). The ROI is defined 

by the user beforehand and typically encloses the ground plane; see Figure 2 (a). 

4. Transform the localized positions from the image–pixel coordinates to the real-world 

coordinates. This provides a top-view depiction of the subject’s position; see Figure 2 (e). 

5. Smooth the noisy top-view positions and compensate for missing data due to occlusion with 

tracking; see Figure 2 (b and f). 

6. Estimate the inter-personal distances among the detected subjects and the occupancy/crowd 

density maps; see Figure 2 (c, d, g, and h). 

7. Recognize social distance violations and identify congested or overcrowded regions in the 

scene; see Figure 2 (d and h). 

8. Integrate the smoothed/tracked positions, estimated parameters, and detected anomalies 

with the video frame; see Figure 3. 

9. View the integrated video frame and generate a dynamic top-view map for the scene. This 

component allows adjusting the type and amount of appended information. 

 

Figure 1: Example input video frame with estimated poses. Three out of five people are detected 
correctly (red, orange, and green poses) whereas the rest are not due to partial occlusion and 
missing data (gray and blue poses). 
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Figure 2: The proposed system outcome at each stage using the example input frame and the 
estimated poses in Figure 1. (a–d) demonstrate the localized human subjects, smoothed/tracked 
ground positions, inter-personal distances with the instantaneous occupancy map, and the 
instantaneous crowd map along with the detected social distance violations in the image–pixel 
coordinates, respectively. (e–h) present the same results as in (a–d), but in the real-world 
coordinates. The user-selected ROI is shown in cyan and covers the floor plane in the scene. The 
basic and proposed localization results are depicted by triangles and squares, respectively, while 
the smoothed/tracked ground positions are visualized with circles. The distances among the 
subjects are visualized using lines with varying thickness and darkness where thick/thin and 
dark/light lines indicate shorter/longer distances. The instantaneous occupancy and crowd 
density maps are computed with a 1 m spatial resolution and 2 m social safety distance, 
respectively. Note that the ground positions in (a, b, e, f) are color-coded in accordance with the 
estimated poses in Figure 3. The color notion is dropped in (c, d, g, h) to preserve privacy and to 
emphasize the recognition of a social distance infringement; red/green indicates the 
presence/absence of subjects violating the defined social safety distance. 
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Figure 3: The proposed system integration stage. The type and amount of displayed information 
is adjustable and one can view multiple integrated frames and/or top-view maps simultaneously. 
Note that the pair-wise lines in (c) are plotted only for distances between 0 and 3 m to ease 
visualization. 

We utilized the EPFL-MPV, EPFL-Wildtrack, and OxTown public datasets along with the pose 

estimations prepared in [6]. The EPFL-MPV is comprised of four sequences, named 6p-c0, 6p-c1, 

6p-c2, and 6p-c3, for six people moving freely in a room [7]. The sequences are synchronized and 

view the same environment but from different perspectives. Each sequence is recorded at 25 

frames per second (fps) and has 2954 frames. The EPFL-Wildtrack contains seven synchronized 

sequences, named C1-C7, with approximately 20 people moving outdoor [8]. The sequences’ 

view walking pedestrians outside the main building of the ETH university in Switzerland. They are 

shot using seven cameras positioned at different locations and each has a total number of 400 

frames. Lastly, the OxTown is a street surveillance video with 4501 frames shot with a single 

camera at 25 fps. It oversees, on average, 16 people walking down a street in Oxford, London [9]. 

The utilized datasets offered annotations in terms of bounding boxes that localize people in the 

scene. Additionally, they provided the homography matrix and the image-to-real distance scale 

of each recording camera. The EPFL-MPV and OxTown bounding boxes were vertically over-sized 

and enclosed more than the areas occupied by the human subjects. Therefore, their bottom mid-

points were lower than the subjects actual ground positions. In this work, we corrected for this 

by shifting the mid-points up a percentage of the bounding box total height. In specific, we 

applied a 10% and 2% uplift to the EPFL-MPV and OxTown localization data, respectively. 

Moreover, the OxTown dataset annotation included bounding boxes for babies in strollers/prams 

accompanied by adults. This was outside the scope of our project; hence, we discarded them. 

Finally, the ROI for each dataset/sequence was manually selected, in the image–pixel domain, to 

cover the floor of the scene. The ROIs included most annotated positions, but we discarded the 

remaining few that were outside the selected area. This corresponded to excluding 2.38% (960 

out of 40,393), 6.67% (4767 out of 71,460) and 15% (6403 out of 42,721) of the EPFL-MPV, EPFL-

Wildtrack, and OxTown annotations, respectively. The proposed system smoothing and tracking 



8 
Confidential and Proprietary to CVDI 

parameters were found for every dataset/sequence by minimizing the localization error using 

the Bayesian optimization algorithm in MATLAB. The optimization was executed for 500 

iterations using the expected improvement plus acquisition function and repeated five times for 

verification [10]. 

Results 
Figure 4 demonstrates the social distance violation detection performance of the basic and 

proposed approaches in terms of accuracy, F1-score, and VCR. In addition, it shows their IOU for 

identifying the overcrowded regions in the scene. The results were computed for a range of 

safety distances and averaged across all video sequences. We varied the safety distance from 1 

to 2.5 m with a 0.05 step to cover a wide range of guidelines. In addition, we illustrated example 

results in Figure 8 to visualize the proposed system outcomes. 

The trends in Figure 4 indicate that the accuracy, F1-score, and IOU increase with the safety 

distance, whereas the VCR is stable for the proposed approach and decreases for the basic 

method. Additionally, they depict the gain in performance delivered by the proposed system. 

Specifically, the boost in accuracy, F1-score, VCR, and IOU is up to 5.8%, 9.5%, 7.6%, and 10.7%, 

respectively.  

 

Figure 4: The performance evaluation results in terms of accuracy, F1-score, VCR, and IOU 
averaged across all video sequences and plotted for a range of social safety distances. 
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Figure 5: Example social distance violation detection results with a 2 m social safety distance. (a,b) 
overlay the detection results with the averaged ODM and CDM, respectively. 

Functionality of Innovation(s) 
The proposed system functionality is depicted in Figure 6 by stages and we measured the 

system’s complexity by frame rate; the number of processed video frames per second, and 

processing rate; the amount of processing time per frame. The assessment was conducted by 

Monte-Carlo simulations where we ran the system on input videos and repeated the process ten 

times for validation. We used a desktop equipped with 2 Intel® Xeon® E5-2697V2 x64-based 

processors, 192 GB of memory, and MATLAB R2020b. Figure 7 demonstrates the developed 

system frame and processing rates with respect to the number of detected/tracked subjects. The 

averaged results suggest that the developed system is capable of running in real-time despite the 

smoothing/tracking stage additional complexity. Specifically, it runs at 106.5 fps (9.9 ms/frame) 

when solely relying on the proposed localization strategy and at 33.6 fps (44.5 ms/frame) when 

accommodating the tracking algorithm. Moreover, the results indicate that the localization 

approach complexity depends on the number of occlusions present in the video frame; see Figure 

7 (a). This is shown by the drop-in frame rate when 2–6 people are present and by its slow decline 

when having more than 7 people in the scene. The first drop is caused by the EPFL-MPV dataset 

where we have six subjects moving in a highly confined environment resulting in many 

occlusions, while the second is due to the general increase in the number of people, which 

escalates the chances of occlusion. Furthermore, the smoothing/tracking introduced complexity 

is demonstrated by the frame rate rapid decay when increasing the number of subjects; see 

Figure 7 (b). The trends reveal the system limited ability to resolve highly dense crowds. In 

particular, the average frame rate drops below 25 fps (40 ms/frame) and 12 fps (83 ms/frame) 

when we have more than 10 and 17 people, respectively. Nevertheless, these findings highlight 
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a need to distribute the computational load across the surveillance infrastructure. For instance, 

stages 1–4 in Figure 6 can be performed locally by the camera or on edge devices, while stages 

5–9 require more resources. 

 

Figure 6: The developed social distance estimation and crowd monitoring system functionality. 

 

Figure 7: The computational complexity analysis results in terms of frame and processing rates. 
The proposed approach is tested with and without the smoothing/tracking stage. The results are 
grouped by the number of detected/tracked subjects. 

Conclusions and Recommendations 
The COVID-19 pandemic has deemed social distancing a critical first line of defense against its 

widespread; nevertheless, safety distance guidelines are not always followed. Monitoring social 

distancing is important to draw realistic mitigation plans and to structure exit strategies. 

However, it is a labor-intensive task and suffers from subjective interpretations; therefore, 
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combining computer vision and machine learning models with mass surveillance is intuitive for 

automation, but it must preserve privacy to ensure ethical adoption and application. 

This project yielded a privacy-preserving adaptive social distance estimation and crowd 

monitoring system for surveillance cameras. We demonstrated the system’s ability to detect 

human subjects, localize their positions, recognize social distance violations, estimate crowd 

density maps, and identify high-risk areas. Additionally, we analyzed its functionality and 

computational complexity in terms of processing time. The performance evaluation results 

indicated a clear advantage for utilizing the proposed localization approach when compared to 

the latest techniques. In addition, they showed a considerable improvement delivered by the 

adaptive smoothing and tracking stage. Specifically, the system improves the PDR, localization 

relative error, accuracy, F1-score, VCR, and IOU up to 43%, 38.3%, 17%, 9.6%, 39%, and 12.4%, 

respectively. In addition, it runs at 33.6 fps (44.5 ms/frame) making it a real-time solution for low 

to medium-dense crowds. 

The developed system, although advantageous, is still limited and we recommend extending it in 

various ways such as: (1) estimating the body orientation to relax the assumption of vertically 

oriented subjects; (2) fuse detections and estimations from multi-view cameras to assess the 

environment state rather than the camera specific scenery; (3) develop an automatic online 

training paradigm for the tracking algorithm parameters; (4) embed regression techniques to 

estimate the crowd density maps; (5) detect other anomalies such as fire, smoke, unattended 

objects in public places, and abnormal individual or crowd behavior. 

Impact and Uses/Benefits 
The COVID-19 outbreak imposed immediate needs for such a comprehensive surveillance and 

tracking system for indoors and outdoors. The application domains include both surveillance and 

empathic buildings development. Moreover, apart from the project direct application to anomaly 

detection, social distance estimation, and crowd monitoring, the designed system 

occupancy/crowd density map functionality extends its application domain beyond the COVID-

19 pandemic to cover other areas. For instance, it can help re-configure or re-design common 

physical layouts and relocate facilities in businesses to optimally reduce congestion. Additionally, 

it can facilitate the analysis of customer’s browsing habits in shops and quantifying the 

effectiveness of marketing kiosks. 

Publications 
Al-Sa’d, Mohammad, Serkan Kiranyaz, Iftikhar Ahmad, Christian Sundell, Matti Vakkuri, and 

Moncef Gabbouj. "A Social Distance Estimation and Crowd Monitoring System for Surveillance 

Cameras." Sensors 22, no. 2 (2022): 418. 
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Appendix 
The project supplementary material are available at https://github.com/Al-Sad/Social-Pose. 

https://github.com/Al-Sad/Social-Pose

