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Abstract: Crowd size estimation is a challenging problem, especially when the crowd is spread over
a significant geographical area. It has applications in monitoring of rallies and demonstrations and
in calculating the assistance requirements in humanitarian disasters. Therefore, accomplishing a
crowd surveillance system for large crowds constitutes a significant issue. UAV-based techniques
are an appealing choice for crowd estimation over a large region, but they present a variety of
interesting challenges, such as integrating per-frame estimates through a video without counting
individuals twice. Large quantities of annotated training data are required to design, train, and test
such a system. In this paper, we have first reviewed several crowd estimation techniques, existing
crowd simulators and data sets available for crowd analysis. Later, we have described a simulation
system to provide such data, avoiding the need for tedious and error-prone manual annotation. Then,
we have evaluated synthetic video from the simulator using various existing single-frame crowd
estimation techniques. Our findings show that the simulated data can be used to train and test crowd
estimation, thereby providing a suitable platform to develop such techniques. We also propose an
automated UAV-based 3D crowd estimation system that can be used for approximately static or
slow-moving crowds, such as public events, political rallies, and natural or man-made disasters. We
evaluate the results by applying our new framework to a variety of scenarios with varying crowd
sizes. The proposed system gives promising results using widely accepted metrics including MAE,
RMSE, Precision, Recall, and F1 score to validate the results.
Keywords: crowd estimation; 3D simulation; unmanned aerial vehicle; synthetic crowd data
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1. Introduction
Crowd estimation refers to the practice of calculating the total number of people
present in a crowd. Manual crowd estimation and automated crowd estimation are the two
most common broad approaches to measuring crowd size, but the method varies according
to the crowd size. Manually monitoring and estimating a small crowd by splitting people
into groups is a traditional way that still exists. However, manual estimation of a large
crowd is not possible and may be very expensive and time-consuming. It has prompted
scientists and researchers from various disciplines across the globe to develop automated
crowd estimation systems that calculate the number of people in a large crowd. In the
last five years, the domain has expanded rapidly. The introduction of deep learning
methods, coupled with easy availability of powerful GPU based systems, has provided a
step change in computer vision algorithms across a range of problem domains, starting
with classification, but it has quickly moved on to other areas such as crowd estimation.
A number of well-publicized crowd-related incidents and gatherings have drawn the
attention of researchers and the computer vision community; it has prompted them to
develop accurate crowd surveillance systems.
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An example application is for use in major disasters. In such a scenario, a crowd
estimation system would give a more accurate picture of the crowd and number of affected
people and their geographical spread. This would enable proper coordination of the
disaster teams, leading to more efficient relief-aid work.
Crowd estimation systems using Unmanned Aerial Vehicles (UAVs) is an emerging
research area, due to its potential to cover a wide area in a short period. However, it
presents automated estimation issues. Both the camera and the crowd are likely to be
moving, so there is a risk of multiple counting of the same person. Most of the existing
automated methods focus on individual frames from a single static camera. Recently, there
has been some promising research conducted in multiple view systems and UAV-based
cameras. UAVs can cover a large area. However, they pose problems of (1) a moving
camera, (2) the crowd that may move during the capture time and (3) different view points
which require extensive additional training and testing data.
Given the challenges of gathering and annotating data, our paper explores the use of
a simulator to generate the training images and annotated ground-truth data. Furthermore,
we have introduced a novel automated 3D crowd estimation system using a UAV, that
was trained and tested with our simulator. In the initial phase, we have focused on the
problem of static crowds and intend to move towards more dynamic crowds in the future.
The motivation for developing our system is for crowd flow management, large-scale public
gathering monitoring, public event security and relief-aid work by welfare organisations
in disaster-hit areas.
This paper covers the following contributions:
1.

2.

3.

4.

5.

We have extensively studied the existing crowd estimation methods, data sets, and
open-source crowd simulators, along with an assessment of their shortcomings. We
have focused on the intended use to identify the need to develop a new simulator for
estimating the crowd using UAV.
We have explored in detail the development of a new 3D crowd simulation system
that can generate the required training images and annotated ground truth data.
Furthermore, we have generated various 3D models along with accompanying camera
locations and orientations.
We have trained, tested and validated the simulation system against real-crowd data,
where we have tested synthetic data against real crowd data sets using various stateof-the-art methods. Furthermore, we have trained a new model based on our aerial
synthetic data and tested it against the real-crowd data.
We have introduced a novel 3D crowd estimation technique using UAV for a robust
and accurate estimation of a crowd spread over a large geographical area. Our
proposed solution overcomes the issue of counting of the same individual multiple
times from a moving UAV.
We also discuss the remaining challenges for wide area crowd estimation and suggest
future directions for research. Additionally, we have covered significant issues for
aerial crowd data collection and have put across some promising research challenges
that needs to be explored.
The remainder of this paper is organized as follows:

Section 2 provides an up-to-date review of the most relevant recent literature including
recently introduced crowd estimation methods. Section 3 provides a detailed step-by-step
discussion of our approach and describes the benchmarks used for evaluation. In Section 4, we
discuss the implementation and setup of our system. In Section 5, we present and analyze
the results of our experimental evaluation of the system. The work presented in the paper
is summarized and the results and their interpretation have been discussed in Section 6.
Finally, we discuss the conclusion and future directions in Section 7.
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2. Related Work and Scope
2.1. Manual Crowd Estimation
In 1967, Herbert Jacobs [1], a professor at the University of California, Berkeley,
proposed a simple method of dealing with scenarios where estimating the crowd size is not
as easy as counting the number of tickets sold. His office looked out onto the plaza where
students assembled to protest the Vietnam War. The concrete on this plaza was divided
into grids. Jacobs used the layout to develop his method for estimating crowd size based
on area times density. As he observed numerous demonstrations, Jacobs gathered plenty of
information that led him to come up with a few basic rules of thumb, which are still used
today. According to Jacobs, in a loose crowd, where the distance between each person is
about one arm’s length, one person would occupy 10 square feet of space. People occupy
4.5 square feet for a dense crowd, and 2.5 square feet for a mosh-pit density crowd.
In other words, if you knew the area that the crowd was covering and you applied
Jacob’s rule of thumb for the density of the crowd, you could easily estimate the size of
the crowd by multiplying the area by density. In practice, however, it is not always easy to
determine the specific area crowds cover, and densities may vary across a crowd. Suppose
a crowd has gathered to hear a speaker up on a stage. We might predict that the crowd
would be denser up front and less dense during the back and around the edges. To address
these problems, it may be helpful to divide the crowds into low, medium, and high density
zones and collect samples from each. The sample method would allow us to obtain a more
reliable representation of the crowd area and density along with an estimate of standard
error for both. We can use the delta rule to find the relative standard error for our estimation
of the crowd size, if we have the standard errors for area and density and assume they are
at least roughly independent.
Manually detecting the development and movement of a crowd around the clock,
or manually counting persons in exceptionally dense crowds, is a time-consuming process.
When it comes to static linear and static nonlinear events, where the entire crowd is present
at the same time in a single-session event, such as a Christmas Parade or a Pride Parade,
there is a higher chance of getting a false estimate due to a shift in the crowd and counting
the same person multiple times. Manual crowd estimating techniques like Jacob’s Crowd
Formula (JCF) are inefficient in dealing with such a large flow of crowd, these methods are
confined to finding the average of the overlapped or shifting crowd sizes. Thus, it is very
likely to estimate a larger crowd size than expected that would result in a crowd count
with an unknown error rate. Considering the challenging situations such as dynamic linear
or dynamic nonlinear events, it is extremely difficult to count and maintain an accurate
estimate as these events often have free-flowing crowds with various entry points and can
be stretched across several sessions or days. These methods are suitable for estimating the
maximum crowd capacity in an area, but when it comes to accurate estimation, there is a
need to develop automatic crowd estimation methods.
2.2. Computer Vision for Crowd Estimation and Analysis
Computer vision-based crowd estimation has gained considerable attention in various aspects of crowd analysis. In 2017, Marsden et al. [2] described that crowd analysis
focuses on developing task-specific systems that perform a single analysis task such as
crowd counting, crowd behavior recognition, crowd density level classification and crowd
behavior anomaly detection. For crowd estimation purposes, crowd counting approaches
may vary based on factors like estimating the crowd from an image or from a real-time
video. Loy et al. [3] classified the crowd counting approaches into three different categories
known as detection-based [4,5], regression-based [6,7] and density-based estimation [8].
The evolving interest of researchers in the last five years has contributed to new developments and rapid expansion in the crowd counting domain, where the researches have
mainly concentrated on crowd tracking, pedestrian counting and crowd behavior analysis,
among other tasks.
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Idrees et al. [9] performed dense crowd estimation using a locally consistent scale
to capture the similarity between local neighbourhoods and its smooth variation using
images. The high crowd density and challenging nature of the data set led to several
failure cases. A high-confidence detection in the first iteration often made the method
over-sensitive to detection hypotheses occurring at the desired scale in neighboring areas.
Similarly, at early iterations, high confidence nonhuman detection drastically degraded the
prior scale, because they provided incorrect scale information. It led to misdetections in
the surrounding areas that later papers tried to address.
Zhang et al. [10] proposed a multicolumn convolutional neural network architecture
(MCNN) which could estimate the number of people in a single image. By creating a
network comprising of three columns corresponding to filters with receptive fields of
varying sizes, the proposed approach offers resistance to huge variations in object scales
(large, medium, small). The three columns were created to accommodate various object
scales in the images. In addition, it offered a novel method to generate ground truth crowd
density maps. In contrast to the existing methods that either summed up Gaussian kernels
with a fixed variance or perspective maps, Zhang et al. also proposed that perspective
distortion should be taken into consideration by estimating the spread parameter of the
Gaussian kernel based on the size of each person’s head within the image. However, using
density maps to determine head sizes and their underlying relationships is impractical.
Instead, the authors employed a key feature noticed in high-density crowd images: the
relationship between head size and distance between the centres of two neighbouring
people. Each person’s spread parameter was calculated using data-adaptive methods
based on their average distance from their neighbours. It is worth noting that the ground
truth density maps generated using this method included distortion information without
employing perspective maps.
Zhang et al. [11] recently introduced a multiview crowd counting method using
3D features fused with 3D scene-level density maps. The deep neural network-based
(DNN) 3D multiview counting method was integrated with camera views to estimate the
3D scene-level density maps. This method used 3D projection and fusion, which could
address situations where people were not all at the same height (e.g., people standing on
a staircase) and provided a way to tackle the scale variation issue in 3D space without a
scale selection operation. However, increasing the height resolution did not contribute to
the body’s information, but could introduce more noise (other people’s features) along the
z-dimension, resulting in poor performance.
Zhao et al. [12] introduced crowd counting with limited supervision. Initially, it
labeled the most informative images and later introduced a classifier to align the data and
then performed estimation based on density. The number of labeled individuals varied over
the course of trials and cycles. However, the ground truth was unknown, so it was difficult
to determine the exact number of people, which led to a higher or lower detection rate.
A ground truth verification is necessary to overcome the problem or justify the introduced
method since labeling more or fewer heads does not imply a better or worse performance.
Recently, Wang et al. [13] developed a new Scale Tree Network (STNet) for crowd
counting that aimed to improve scale variety and pixel-wise background recognition. The
STNet network consistently met the challenges of drastic scale variations, density changes,
and complex backgrounds. A tree-based scale enhancer dealt with scale variations and
a multilevel auxiliator filtered pixels from complex backgrounds and adjusted them to
density changes. STNet proved to be superior to the state-of-the-art approaches on four
popular crowd counting data sets, while employing fewer parameters at the same time.
They also proposed a method for addressing the crowd and background imbalance problem
using pure background images. This concept could be easily incorporated in other crowd
counting algorithms to further improve accuracy.
Ranjan et al. [14] recently published a crowd counting method based on images with
imprecise estimation. The majority of the presented work focused on estimating crowd
density and using a random sample selection technique to eliminate the need for labeled
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data. They provided results that showed improved performance based on selecting only
17% of the training samples previously used.
Mustapha et al. [15] presented a study that used CNN and Support Vector Machines
(SVM) with sensor data adapted from both structure sensors and accelerometers of wearable
devices to study crowd flows and bridge loads. A classification was used to determine
crowd flow classification either as a binary choice of motion speed being fast or slow or as a
multiclass decision based on high, medium, low, heavy, and light crowd loads, with heavy
and light corresponding to crowd load designation. The load estimate of the crowd on
the structure was calculated using regression to obtain the overall weight in kilograms.
However, the regression results revealed inconsistency in fusion performance and a huge
percentage of errors, when using the raw signal for SVM. Additionally, the study was
conducted on a small scale. While considering the size of the crowd, however, any size
can be considered in the future. That said, a large-scale crowd flow study is required to
establish and comprehend the relationship between crowd flow and bridge load.
Almeida et al. [16] recently proposed a crowd flow filtering method to analyze crowd
flow behavior. It converted the input for the optical flow from an image plane into world
coordinates to perform a local motion analysis, while exploring the Social Forces Model.
The filtered flow was then returned to the image plane. The method was evaluated using
an image plane and needs to be expanded for the image’s analysis to world coordinates.
However, the work was confined to static cameras and could monitor behavior in a limited
area. In addition, there is a pressing need to implement the proposed filtering approach
on GPUs to achieve even faster execution times. However, the possibility for substantial
speedups must be assessed.
Choi et al. [17] recently presented 3DCrowdNet, a 2D human pose-guided 3D crowd
pose and shape estimation system for in-the-wild scenes. The 2D human pose estimation
methods provide relatively robust outputs on crowd scenes than 3D human pose estimation
methods. After all, they can exploit in-the-wild multiperson 2D data sets. Nevertheless,
the challenge remains in recovering accurate 3D poses from images with close interaction.
Extreme instances frequently entail difficult poses and substantial interperson occlusion,
which are both uncommon in the existing trained data.
Fahad et al. [18] attempted to address the issue of public venues by using static camera
positions that only record the top view of the images. To deal with events like strikes
and riots, the proposed approach captured both the top and front view of the photos.
The congested scene recognition (CSRNet) model assessed in this study utilized two
separate test cases, one with only top view photos and the other with only front view
images. However, the mean absolute error (MAE) and mean squared error (MSE) values of
the front view images were higher than the top view images which needs to be reconsidered
using other state-of-the-art networks. The gradient adversarial neural network (GANN)
network could be effective in resolving the problem of projecting images from multiple
viewpoints.
2.3. Previous Reviews and Surveys
Zhan et al. [19] presented the first assessment of crowd analysis approaches used
in computer vision research and discussed how diverse research disciplines can assist
computer vision approach. Later on, Junior et al. [20] provided a survey on crowd analysis
using computer vision techniques, which covered topics including people monitoring,
crowd density estimation, event detection, validation, and simulation. The research focused
on three key issues in crowd analysis: density estimation, tracking in crowded settings,
and analysing crowd behavior at a higher level, such as temporal evolution, primary
directions, velocity predictions, and detection of unexpected situations. In terms of crowd
synthesis, the review mostly focused on crowd models that either used computer vision
algorithms to extract real-world data to improve simulation realism or were used to train
and test computer vision techniques.
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Teixeira et al. [21] presented the first human sensing survey offering a comprehensive
analysis of the presence, count, location, and track of a crowd. It focused on five commonly
encountered spatio-temporal properties: identity, presence, count, location, and track.
The survey provided an inherently multidisciplinary literature of human-sensing, focusing
mainly on the extraction of five commonly needed spatio-temporal properties: namely
presence, count, location, track and identity. It also covered a new taxonomy of observable
human attributes and physical characteristics, as well as the sensing technologies that may
be utilized to extract them. In addition, it compared active and passive sensors, sensor
fusion techniques, and instrumented and uninstrumented settings.
Loy et al. [3] discussed and evaluated state-of-the-art approaches for crowd counting
based on video images as well as a systematic comparison of different methodologies using
the same procedure. The review concluded that regression models capable of dealing
with multicollinearity among features, such as Kernel ridge regression (KRR), Partial leastsquares regression (PLSR), and Least-squares support vector regression (LSSVR), perform
better than linear regression (LR) and random forest regression (RFR). The findings also
revealed that depending on the crowd structure and density, certain features may be
more useful. In sparse settings, foreground segment-based features could give all of the
information required to estimate crowd density. Edge-based features and texture-based
features, on the other hand, became increasingly important when a scene becomes packed
with frequent interobject occlusions. Depending on the data set and regression model used,
the final results affirmed that combining all attributes does not always help.
In 2014, Ferryman et al. [22] presented a PETS2009 crowd analysis data set and
highlighted performance in detection and tracking. It first published a performance review
of state-of-the-art crowd image analysis visual surveillance technologies, using defined
metrics to objectively evaluate their detection and tracking algorithms. Comparing results
with others, whether anonymous or not, was a practical and encouraging research strategy
for advanced, robust, real-time visual systems. Furthermore, the latest findings highlighted
the requirement for ground truth data sets, which may be used to showcase the different
systems capabilities, such as accuracy, precision, and robustness.
Li et al. [23] examined the state-of-the-art techniques for crowded scene analysis in
three major areas: motion pattern segmentation, crowd behavior recognition, and anomaly
detection, using various methods such as crowd motion pattern learning, crowd behavior,
activity analysis, and anomaly detection in crowds. The survey concluded that crowded
settings frequently involve extreme clutter and object occlusions, making current visualbased techniques difficult to use. Fusion of data from several sensors is a proven tool to
eliminate confusion and enhance accuracy [24]. Another finding revealed that many existing video analysis systems track, learn, and detect by integrating the functional modules,
without taking into account the interactions between them. It was preferable for crowded
scene analysis systems to execute tracking, model learning, and behavior recognition in
a completely online and unified manner to effectively utilise the hierarchical contextual
information. Despite the development of several approaches for feature extraction and
model learning in crowded scene analysis, there is no widely acknowledged crowded scene
representation.
Ryan et al. [25] offered a comparison of holistic, local, and histogram-based approaches
as well as numerous picture characteristics and regression models, across multiple data
sets. The performance of five public data sets was evaluated using a K-fold cross-validation
protocol: the UCSD [26], PETS 2009 [27], Fudan [28], Mall [29], and Grand Central [30]
data sets. The survey of the various methods concluded that the usage of local features
consistently surpassed holistic and histogram features. Despite their extensive use in
literature, edge and texture traits did not deliver ideal performance for a holistic approach.
As a result, further data sets must be examined to corroborate these findings and to see if
other feature sets or regression models might boost performance.
Later, Saleh et al. [31] considered crowd density and visual surveillance to be the
most significant aspects in the computer vision research context. The survey focused on
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two approaches: direct (i.e., object-based target detection) and indirect (e.g., pixel-based,
texture-based, and corner points based analysis). As long as people were adequately
segregated, direct approaches tracked and counted people simultaneously. The indirect
technique, on the other hand, used a collection of measuring features and crowd learning
algorithms to conduct the counting and estimating processes. While concluding the direct
crowd estimating approach, the survey highlights that in lower-density groups, recognising
individuals is easier. When detecting people in large groups or in the presence of occlusions,
however, this process became more challenging and complex. That’s why despite recent
breakthroughs in computer vision and pattern recognition algorithms, many recent studies
have avoided the task of detecting individuals to save processing time. Instead, majority
of the research has focused on indirect crowd estimation approaches based on a learning
mapping between a set of observable variables and the number of people.
Zitouni et al. [32] attempted to provide an explanation of such challenges by extrapolating relevant statistical evidence from the literature and making recommendations
for focusing on the general elements of approaches rather than any specific algorithm.
The study focused on existing crowd modeling approaches from the literature, concluding that the methods are still density dependent. In addition, real-world applications in
surveillance, behavioral understanding, and other areas necessitate that crowd analysis
that begins at the macro-level and branches into the micro-level. Let us consider the case
of a crowd splitting due to an individual target crossing. Although macro-analysis (in
this case, splitting) could detect changes in crowd behavior, micro-analysis (individual
target crossing) is required to understand the cause of the behavior. To meet such realistic
expectations, crowd representation and inference must concentrate on development at
both macro and micro levels as well as in the middle. Most techniques, according to
the study, operate under strong and restrictive assumptions such as camera perspective,
environmental conditions, density, background and occlusion which must be addressed in
the future.
Grant et al. [33] investigated crowd analysis in relation to two main research areas:
crowd statistics and behavior analysis. To address the challenge of measuring large crowds
with high densities, the survey determined that good data including photographs collected at a variety of standoffs, angles, and resolutions as well as ground-truth labels for
comparisons, is essential. It also shed light on the intriguing topic of detecting crowd
demographics, where knowing demographics like gender, ethnicity, and age could be
beneficial for event planning and marketing. The study also indicated that combining
behavior recognition could help determine factors like the quantity of persons walking
versus sprinting in a scene. It was strongly stated that synthetic crowd videos filled many
gaps, and that these videos were useful in generating important ground-truth information
for evaluating and comparing algorithms as well as providing scenes of situations that are
too dangerous to re-enact. Plus, it justified the need to generate synthetic crowd data set in
the future to avoid such scenarios.
Sindagi et al. [34] compared and contrasted several single-image crowd counting
pioneering methodologies and density estimation methods that used hand-crafted representations, with a strong emphasis on newer CNN-based approaches. Across all the
data sets, the most recent CNN-based algorithms outperformed the traditional approaches,
according to the study. While CNN-based methods performed well in high-density crowds
with a variety of scene conditions, traditional approaches had substantial error rates in
these situations. Additionally, the multicolumn CNN architecture [10] was tested on three
diverse data sets such as UCSD, WorldExpo ’10, and ShanghaiTech and the method attained state-of-the-art results on all the three data sets. The CNN-boosting approach by
Walach and Wolf [35] achieved the best results on the Mall data set. Optimum results on
the UCF_CC_50 data set were achieved by joint local and global count approach [36] and
Hydra-CNN [37].
Kang et al. [38] examined crowd density maps created using various methodologies
on a variety of crowd analysis tasks, such as counting, detection, and tracking. While
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fully-convolutional neural networks (e.g., MCNN) produce reduced-resolution density
maps performed well at counting, their accuracy decreased at localisation tasks due to
the loss of spatial resolution, which cannot be entirely recovered using upsampling and
skip connections. It was also recommended that dense pixel-prediction of a full resolution
density map using CNN-pixel generated the best density map for localisation tasks, with a
minor decrease in counting tasks. Dense prediction, on the other hand, had a larger
computational complexity than fully-convolutional networks.
Tripathi et al. [39] offered a thorough overview of contemporary convolution neural
network (CNN)-based crowd behavior analysis approaches. The goal of the approaches
that were examined was to give law enforcement agencies a real-time and accurate visual
monitoring of a busy area. The study identified a shortage of training data sets as a major
difficulty when utilising CNN to analyze distinct population types. A list of numerous
data sets was offered in this survey. These data sets, however, only comprised a few
hundred training examples that were insufficient to train a CNN. CNN-based methods
require a large pool of labeled training data sets and major manual interventions that were
both complex and time-consuming. Another study found that CNN-based approaches
require specialized hardware for training, such as GPUs, because training a CNN is a
computationally expensive proposition. To overcome this issue, it would be interesting
to look into transfer learning approaches that used previously taught models rather than
having to train the model from scratch. Because a shortage of training examples for various
types of crowd can impair the system’s performance, online CNN training could become
an exciting research domain.
Most recently, Gao et al. [40] presented a review of over 220 methods that looked at
crowd counting models, primarily CNN-based density map estimates from a variety of
angles, including network design and learning paradigms. It tested various state-of-the-art
approaches and benchmarked crowd counting algorithms against several crowd data
sets such as the National Forum for Urban Research, UCSD, Mall, WorldExpo’10, SHA
and UCF-QNRF. The study suggested that PGCNet [41], S-DCNet [42] and PaDnet [43]
methods outperformed on Shanghai Tech data set with a MAE of 57.0%, 58.3% and 59.2%,
respectively. The study demonstrated, however, that mainstream models were intended
for domain-specific applications. Furthermore, supervised learning necessitates precise
annotations could be time-consuming to manually label data, especially in highly congested
scenarios. Given the unanticipated domain gap, generalising the training model to unseen
scenarios might provide sub-optimal outcomes. The study also found that MCNN’s [10]
head size is proportional to the distance between two people. This notion prompted the
creation of a geometry-adaptive kernel-based density map creation method, which has
inspired many crowd estimation works to use this tool to prepare training data.
The studies [34,38–40] found that CNN methods are successful and outperform traditional approaches in high-density crowds with a variety of scene variables, whereas
traditional approaches suffer from high-error margins in such settings. Sindagi et al. [34]
compared different methods for single-image crowd counts and density estimation, the multicolumn CNN architecture [10] performed best on the data sets from UCSD, WorldExpo
10, and ShanghaiTech. Another study from Kang et al. [38] found that MCNN-generated
reduced-resolution density maps performed well in crowd counting. Tripathi et al. [39]
highlighted a shortage of training data sets as a major issue in utilising CNN to analyze
diverse crowd types. It indicated that the existing data sets only had a limited amount of
training examples, which were insufficient to train a CNN. Hence, it validated the need to
create more training data. After examining more than 220 works, which primarily included
CNN-based density map estimation methods, the most recent study from Gao et al. [40]
highlighted that MCNN [10] performed well in dense crowd scenes. Considering the suggestions from the most recent studies, we have applied the MCNN and used ShanghaiTech
data set to train, test, and validate the simulation system against real-crowd data and have
discussed it further in Section 3.4.
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2.4. Related Open Source Crowd Simulator
Considering the recent growth in crowd estimation, testbed for generating crowd
training and testing data is a major issue. Capturing the crowd has never been easy and
ethical issues don’t allow to capture the crowd in most countries. Furthermore, the process
of capturing the crowd is expensive and can backfire. Simulators are the best solution to
overcome the testbed issue because they are cost-effective and can easily produce data for
training and testing. To resolve the issue, we have reviewed the existing crowd simulators,
determined its limitations, and demonstrated why a new 3D crowd simulation system with
an integrated UAV simulator is required.
Kleinmeier et al. [44] introduced Vadere, a framework for simulation of crowd dynamics. It consists of features that allowed interaction with the microscopic pedestrian.
As a result, it has contributed to many simulation models and comprises of models like the
gradient navigation model and social force model for further research purposes, which are
restricted to 2D simulations. Maury et al. [45] introduced Cromosim, a library specifically
designed for Python that was mainly used to model crowd movements. It is simple to set
up, and there are some examples models available to monitor the trend, such as followthe-leader and social powers. However, its use is limited in other respects, such as crowd
motion tracking. Curtis et al. [46] developed Menge, a full-featured 3D crowd simulator
designed for crowd simulation and dynamics that compared two different models. Since
the crowd and its aspects do not appear to be real, it could only be used for tracking
purposes within the developed environment.
Crowd Dynamics is another 2D simulation system intended to develop for crowd
movement. However, the system is still in the early stages of development. PEDSIM is a
microscopic pedestrian crowd library with limited application. Consequently, the documents simply mention the use of PEDSIM to implement several models such as cellular
automata and social force, but nothing else is specified. Wagoum et al. [47] presented
JUPEDSIM framework to map crowd dynamics. The framework is an open source one and
can be used for research purposes such as mapping and measuring crowd dynamics, data
visualization etc. Mesa [48] is a python library limited to modeling functions and can’t be
used for simulation. There isn’t enough data available for RVO2 [49], Fire Dynamics [50]
and AgentJL. These frameworks have been developed specifically for crowd dynamics
navigation and haven’t been updated in a long while. Other licensed and paid crowd
simulators such as CrowdSim3D and Urho3D are also available with built-in tracking and
mapping features, but their use is limited and they are expensive.
To summarise, except for Menge, most open-source simulators are limited to 2D and
are specifically designed to track the crowd dynamics and motion. A detailed review
of the available open-source simulators summarised in Table 1 has revealed that most
simulators are designed for specific tasks such as crowd dynamics or fire dynamics study
in 2D and are not efficient enough to generate 3D synthetic data and avatars to mimic realworld conditions. Considering the available 3D simulator ’Menge’, it consists of repeated
characters and encounters problems in distinguishing various features of individuals such
as gender, age, weight, height, ethnicity, proportion, outfit, pose, color, and geometry. As a
result, this 3D simulator cannot be used to envision any scenario that mimics real-world
settings. Furthermore, various geometric shapes and topologies for each individual’s eyes,
hair, teeth, eyebrows, eyelashes, and other features are necessary to produce a realistic
prototype. Menge does not provide this functionality. All these factors validate the need
for developing a new 3D crowd simulator that can generate reams of data in any scenario,
visualise a realistic 3D world, as well as relative locations for crowd estimation.
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Table 1. Summary of Open-Source Simulators and Supporting Libraries.

Simulator

Language

OS

2D/3D

Intended Use

Vadere [44]
Cromosim [45]
Menge [46]
Crowd Dynamics
PEDSIM
JuPedSim [47]
Mesa [48]
RVO2 [49]
Fire Dynamics [50]
Agent.JL

Java
Python Library
C++
Python
C++
Python, C++
Java
C++
Julia

Windows, Linux
Windows
Windows, Linux
Ubuntu 16.04
Win, Linux
Windows, Linux
Windows, JVM
Windows, MacOS
-

2D
2D
Both
2D
2D
2D
2D
2D
2D
2D

Crowd Dynamics
Crowd Motion
Cross-Platform
Pedestrian Library
Pedestrian Dynamics
Crowd Simulation
Mobile Robots
Fire Dynamics
Agent-Based Model

2.5. Crowd Data Sets
Traditional surveillance systems for crowd estimation are effective when dealing with
small crowd sizes. Nevertheless, the traditional approach has some design issues including
slow frame processing speeds, resulting in a major breakdown in the process because it
cannot handle high-density crowds. Most of the methods have been developed and tested
for single images or videos, with majority of the approaches perform crowd testing with
low-density crowds [2]. This study analyzes crowd data sets and subclassifies them into
free, surveillance and drone-view crowds. The data sets have been categorized based on
release year, attribute, number of samples, and average count per image. The primary
objective of this study is to identify why existing drone view data sets cannot be used for
the estimation of crowds using UAV, and why synthetic data is required.
The first free-view data sets UCF_CC_50 [51] were released in 2013 with a sample size
of 50 and 63,974 instances. UCF_CC_50 is the only available large density crowd data set
as shown in Table 2. ShanghaiTech Part A [10] is another congested attributed data set containing 241,677 instances with an average count of 501 people. Sindagi et al. [52] discussed
available data sets for crowd surveillance and estimations. Some of the popular and easily
accessible data sets include UCSD [26] which consists of 2000 frames of size 238 × 158,
and the Mall data set [29] containing 2000 frames of size 320 × 240 with 6000 instances and
large number of labeled pedestrians. The ShanghaiTech crowd data set [10] discussed in
Table 3 includes both part A and part B of the dataset. It consists of 1198 images with a
large number of 330,000 annotated heads.
Table 2. Summary of Different Free-View Crowd Data Sets.

Data Set

Year

Attribute

No. Samples

No. Instances

Avg. Count

NWPU-Crowd [53]
JHU-CROWD++ [54]
UCF-QNRF [55]
SanghaiTech Part A [10]
UCF_CC_50 [51]

2020
2020
2018
2016
2013

Localization
Congested
Congested
Congested
Congested

5109
4372
1535
482
50

2,133,375
1,515,005
1,251,642
241,677
63,974

418
346
815
501
1279

Bahmanyar et al. [66] presented the first drone-view crowd data set in 2019 for crowd
estimation known as DLR’s Aerial Crowd Data Set. The images were captured through a
helicopter providing 33 aerial images from 16 different fights of a slowly moving crowd.
Zhu et al. [67] presented the second aerial data set of the crowd. As shown in Table 4, this
data set comprised of 112 video clips collected from 70 different scenarios.
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Table 3. Summary of Different Surveillance-View Crowd Data Sets.
Data Set

Year

Attribute

No. Samples

No. Instances

Avg. Count

DISCO [56]
Crowd Surveillance [41]
ShanghaiTechRGBD [57]
Fudan-ShanghaiTech [58]
GCC [59]
Venice [60]
CityStreet [61]
Beijing-BRT [62]
SmartCity [63]
CityUHK-X [61]
ShanghaiTech Part B [10]
AHU-Crowd [64]
WorldExpo’10 [65]
Mall [29]
UCSD [26]

2020
2019
2019
2019
2019
2019
2019
2019
2018
2017
2016
2016
2015
2012
2008

Audiovisual
Free scenes
Depth
Video
400 Fixed Scenes
4 Fixed Scenes
Multiview
1 Fixed Scene
55 Fixed Scenes
Free Scenes
108 Fixed Scenes
1 Fixed Scene
1 Fixed Scene

1935
13,945
15,000
15,211
167
500
1280
50
3191
716
107
3980
2000
2000

170,270
386,513
394,081
7,625,843
16,795
369
106,783
88,488
45,000
199,923
62,325
49,885

88
28
27
501
13
7
33
123
421
50
31
25

Table 4. Summary of Different Drone-View Crowd Data Sets.

Data Set

Year

Attribute

No. Samples

No. Instances

Avg. Count

DroneVehicle [68]
DroneCrowd [67]
DLR-ACD [66]

2020
2019
2019

Vehicle
Video
1 Fixed Scene

31,064
33,600
33

441,642
4,864,280
226,291

14.2
145
6857

According to the pattern since 2008, when UCSD’s first crowd data set was released,
the majority of publicly available crowd data sets have been captured with static cameras [34] and have been limited to 2D. The first aerial crowd data set was released in 2019
with a sample size of 33. That said, the data set is inaccessible and has no annotations.
In fact, most aerial crowd data sets are not widely available for study. Previous studies [39]
evidenced and highlighted the shortage of training examples for various crowd types.
Ref. [20] focused primarily on simulation realism and highlighted the importance of virtual
data sets that will address the issue in the near future. Our study also concluded that gathering and manually annotating crowd data sets are both expensive and time-consuming.
Considering the current laws and ethical issues, there is a justified need of a testbed that
can generate virtual crowd data set and contain in-depth information of both 2D and
3D images.
The study of various traditional and most recent 2D crowd estimation approaches
discussed in Sections 2.2 and 2.3 highlighted the inherent limitations of 2D approaches
which include static camera monitoring that can monitor a specific area with a high
possibility of counting the same individual multiple times, nonhuman or false detections,
and lack of information and inconsistency in performance, which leads to a high percentage
of errors, among others. Extensive work has been done for different segments of 2D crowd
estimation and received a lot of attention, but work related to 3D crowd estimation is
limited. Recently, promising research has been conducted on density estimation [69–72]
and advances have been made in 3D pose estimation from 2D [11,73–80] but the work
related to 3D crowd estimation using UAV is not prevalent. Interestingly, UAVs have
immense potential to estimate the crowd spread over a huge geographical area in a shorter
duration. Recent advances in optical instrumentation and computer vision techniques
have facilitated the use of 3D models to explore in-depth information. In contrast, very
little research has been done regarding 3D crowd estimations with UAVs. This fact alone
underscores the necessity to devise a new way to overcome the traditional and inherent
limitations. It also demonstrates how our 3D work varies from existing and conventional
2D crowd estimation methodologies. To summarise, taking into account the existing
shortcomings, we have presented a 3D crowd simulator in Section 3.3, trained, tested and
validated the simulation system against real-crowd data in Section 3.4. In addition, we have

Remote Sens. 2021, 13, 2780

12 of 33

introduced a novel 3D crowd estimation technique using UAV for a robust and accurate
estimation of a crowd spread over a large geographical area in the subsequent sections.
3. 3D Crowd Estimation Using UAV
In this section, various techniques and tools used to develop 3D crowd estimation
technique with UAVs have been covered in detail. We have also highlighted the way these
tools can be used in conjunction with one another. An overview of the development of
a crowd simulation for training and testing data has also been discussed. Unreal Engine
has been used as the main tool for simulation and Make Human and Anima have been
employed to design and import random crowd that mimic real-life settings. Furthermore,
we have discussed the process used for training, testing and validation of synthetic data
against real crowd data and vice-versa. Finally, we have introduced our novel method of
3D crowd estimation using UAVs in real time.
3.1. 3D Simulation and Modeling
Unreal Engine [81] is a game engine developed by Epic Games that focuses on first
person shooter games. It was created using Blueprint and C++ as the main languages in
version 4 (v4). With features such as blueprint interface, game mode, simulation, real-time
output and automatic annotations, it is the perfect fit for reproducing 3D framework,
especially for simulating real-life scenarios that rarely occur.
Make Human [82] is an open-source 3D computer graphics software used to create
realistic humanoids. Make Human is used to design and create crowds size considering
different genders, age and features. Given a larger community comprising of programmers,
artists and people with academic interests in 3D modeling of characters, this tool is written
in Python and is compatible with almost all the available operating systems. Make human
is easy to use and extracts the skeleton or a static mesh as per the requirements of any other
simulation tool such as unreal engine.
Anima [83] is a 3D people animation application developed specifically for architects and designers and is ideal for creating amazing 3D animated people quickly and
easily. The tool has been used to create many 3D animated people and realistic scenarios.
The crowd flow and movement direction are plotted in such a way to avoid collision
and maintain a realistic flow. Many realistic 3D models such as stairs, escalators, tracks,
and moving sidewalks are pre-designed and easy to access for UE4 which not only helps
to design and simulate any complex scenarios quickly but also saves time while creating
any new realistic setting.
Colmap [84] is a 3D reconstruction tool and uses the patch-based stereo to reconstruct
3D dense point clouds. In our proposed method, it has been used to generate 3D models
using images extracted from Unreal Engine. The Colmap provides intrinsic parameters
such as camera model and extrinsic parameters such as camera location, rotation, etc.
Several studies [85,86] critically compared the results of popular multiview stereo (MVS)
techniques and concluded that COLMAP achieves the best completeness and on average,
it produced promising results for most individual categories.
3.2. Why 3D Simulation?
3D simulation is less time-consuming and cost-effective to build a 3D simulator of a
crowd to train and test the system as well as provide accurate ground truth information
about people and their locations. In addition, a 3D simulator is useful to create and
design simulations of seldom occurring events and understanding the real-world outcomes.
Additionally, it can be useful to self-train the system by finding out about those uneven
possibilities, such as stampedes, public gatherings, etc. within the crowd data sets. Another
factor that influences and attracts computer vision researchers toward 3D simulation is the
virtual data set. It makes it possible to consider and construct a virtual data set by creating
various scenarios, events, and their outcomes in real time, which can help to train and test
the system [87].
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3.3. Overview of the Proposed Testbed
In a limited time, UAVs have gained enormous prominence due to their ability to
resolve major issues. Obtaining a licence and permission to fly a UAV near a crowd in
most countries is hard, expensive, and time-consuming due to rigorous restrictions and
regulatory limits. Navigating and coping with a variety of precise settings and unforeseen
situations can also be difficult. Handling a UAV in a gusty environment with a shorter
flying time and distance, for example, highlights the inefficiency of mapping a large area,
which could be dangerous in real life. All of these variables make 3D simulation the ideal
solution because it has no negative implications or ethical issues.
Considering the challenges of gathering and annotating real data, we built the crowd
simulation system using the Unreal Engine version 4 (UEv4). The design of the basic
prototypes and reusable meshes such as houses and trees was the first step involved in
creating a virtual environment and shown in Figure 1. Furthermore, we placed all those
meshes within the environment to give a real-life look. We have used smooth, linear,
and spherical features to flatten and reduce surface noise. Animation and wind effects were
incorporated to make the virtual environment more realistic, but only in 3D. These models
can be imported and utilized in a variety of settings, making the process of building and
generating scenarios quick, easy, and adaptive to the requirement.

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

(j)

(k)

(l)

Figure 1. The figure demonstrates various steps involved before simulating the crowd, whereas
(a) shows the skeleton design sample of a person containing in-depth details which can be exported
and further used in UE4, (b) shows one of the samples designed to be a part of the crowd, (c) contains
the basic template for the first person used as a map to place various objects, (d) demonstrates the
designing and animating of the mesh. A tree sample has been presented in this image. (e) shows
a sample blueprint command line to calibrate and establish the working between different objects,
(f) shows an initial output map designed before placing the crowd in the environment, (g) demonstrates how different crowd samples look like when they are ready for simulation, (h) depicts the final
image after starting the simulation where the image was captured from the top view and showed our
UAV prototype used in UE4, (i–l) demonstrates various scenarios where the crowd was randomly
distributed in diverse settings.

Having said that, it is necessary to create a synthetic crowd prototype comprised
of different genders before simulating the environment. Hence, we have used Make
Human and Anima to design and generate random crowds using random sets of features
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for different random variables to mimic the real world. The random crowd consists of
individuals of different genders, ages, weights, heights, ethnicities, proportions, outfits,
poses, colors, and geometries. For proper representation, we have used different geometric
shapes and topologies for the eyes, hair, teeth, eyebrows, eyelashes, etc. of each individual.
Manually annotating the crowd in any dense crowded image is an extremely laborious
and time-consuming task with a higher possibility of getting false annotations or multiple
count of the same individual. While the captured 2D data holds good image resolution,
the inherent limitation of 2D does not make it efficient to provide every single detail
required for estimating the crowd in 3D. That said, data collection within the 3D simulation
system is relatively easy and accurate to generate reams of data, especially when using
a moving camera over a large crowd. Our proposed 3D simulation system is efficient
enough to generate automatic annotations and can provide 3D world and relative locations
to estimate the crowd in any static or dynamic event. The simulation system is also able
to generate virtual data sets that could be beneficial in future research within the domain.
Furthermore, it resolves existing issues such as the availability of massive crowd data sets,
among others. The flowchart in Figure 2 depicts the steps taken to capture the frame while
storing ground truth (GT) positions at the same time. The collected data was used in the
subsequent Section 3.4 for the training, testing and validation of the simulation system and
generation of synthetic data. Furthermore, the 3D annotations collected by flying the UAV
were extracted from the simulator and further used in the final 3D method introduced in
Section 3.5.

Figure 2. The flowchart presents the whole pipeline for capturing synthetic data with a 3D simulation system.

3.4. Training, Testing and Validation the Simulation System against Real-Crowd Data
Given the requirement for a UAV crowd estimation and limitations of a flying UAV
in the real world, we have introduced a novel way to estimate the crowd using synthetic
images extracted from our simulation system. We started by implementing our initial
idea of building and testing the simulation system. Using aerial photos gathered from
the drone as a foundation for assessment was a very challenging task. So we prototyped
photo-realistic humanoids of various sizes and integrated all of their meshes and skeletons
into the simulator to make it as realistic as possible.
With a variety of methods discussed in Section 2.3, we have evaluated the advantages
and disadvantages of the broad approaches. Most recent studies [34,38–40] suggest that
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multicolumn CNN [10] method achieves the best results on ShanghaiTech data set and is
efficient enough to train, test and validate the simulation system against real-crowd data.
ShanghaiTech is the best fit as it is one of the largest large-scale crowd counting data sets
in previous few years. It consists of 1198 images with 330,165 annotations. According to
different density distributions, the data set has been divided into two parts: Part A (SHA)
and Part B (SHB). SHA contains images randomly selected from the internet, whereas Part
B includes images taken from a busy street of a metropolitan area in Shanghai. The density
in Part A is much larger than that in Part B which make SHA a more challenging data set
and an ideal fit for large crowd testing.
To test and validate the simulation system, we extracted the aerial video captured
through UAV within the simulator and split it into different frames. Initially, we set up the
ShanghaiTech data set for testing and validation against the synthetic images (Figure 3).
For testing the system, we set up data and created the training and validation set along
with ground truth files. We calculated the errors using mean absolute error (MAE) and root
mean square error (RMSE), and the output in the form of density maps.

Figure 3. The pipeline shows the steps involved in testing of synthetic data against publically
available crowd data set.

We trained the model on synthetic data using multicolumn convolutional neural
network (MCNN) after obtaining a high throughput and validating the simulated data.
Three parallel CNNs, whose filters were attached with local receptive fields of different
sizes, were used as shown in Figure 4. We utilized the same network structures for all the
columns (i.e., conv–pooling–conv–pooling) except for the sizes and numbers of filters. Max
pooling was applied to each 2 × 2 region, and Rectified linear unit (ReLU) was adopted as
the activation function. We used fewer filters to minimise computation time.

Figure 4. The figure depicts the network architecture design and overview of single image crowd
counting via multi-column network.

3.5. Our Approach to Crowd Estimation Using UAV
In this section, various tools and techniques used to develop the 3D crowd estimation
technique using UAV have been discussed. We have highlighted step-by-step how these
tools are interlinked with each other. We have briefly discussed the Make Human and
Anima for designing and importing random crowd that mimic real-life settings.
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In the most recent studies, counting the same individual from a moving camera has
been a major issue. We have attempted to overcome the issue by introducing a novel
3D crowd estimation technique using UAV for a robust and accurate estimation of a
crowd spread over a large geographical area. Figure 5 shows the step-by-step process of
our presented method where the basic prototypes and meshes were designed to setup a
simulation environment in Unreal Engine. Anima and Make Human were used to generate
random crowds size using random sets of features for different random variables to mimic
real-life settings. After preparing the simulation environment, we flew a virtual UAV
around the crowd and captured the ground truth 3D locations which we will use at the end
to map the estimated 3D crowd locations. Various frames were also captured associated
with the crowd to train, test and validate the system. After extracting the captured data
from Unreal Engine, we tested the captured virtual data using state-of-the-art method
MCNN. Later, Laplacian of Gaussian (LOG) was applied in the extraction of the density
map provided by the MCNN to identify the possible 2D crowd location. It was later used
to ray trace the possible crowd locations in 3D. In the third step, we reconstructed the 3D
model from the frames captured using UE4 and collected in-depth details of the model
such as camera location, quaternion matrix, camera translation and points such as screen
points and 3D points for every 2D image provided as input. Finally, we initiated a ray hit
testing and traced the possible 2D crowd location extracted from the blob-detector and
stored the intersection points between ray and plane, considering them as the possible
crowd locations in 3D model. Although the traced 3D locations overlapped in the initial
frame capturing, we set up an averaging method and discarded most of the overlapping
points from each frame. To map the output estimated point with the ground truth point
captured from UE4, we used the ICP algorithm for registering both point sets. Once it
converged, we mapped the ground truth points with the estimated points using the nearest
neighbour search algorithm and extracted the matched pair between the two sets, where pi
is considered a match to q j if the closest point in Q to pi is q j and the closest point in P to q j
is pi and tested it against various universally-agreed and popularly adopted measures for
crowd counting model evaluation which have been discussed further in Section 3.6.

Figure 5. The system architecture diagram provides a detail representation and steps involved in our
approach to crowd estimation using UAV.
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To make a clearer representation of the method, we divided the process into several
steps and tried to present the working of every step. To give a realistic vision, we also
attempted to visualise how the output would look like. The steps involved in the presented
method are as follows:
Step 1: Make Human and Anima have been used to design and generate random
crowds size using random sets of features for different random variables. They give a
random crowd that mimics real-life settings. Furthermore, this image covers people of
different genders, age, weight, height, ethnicity, proportion, clothes, pose, colour, geometries etc. Different geometries for each person have been used to make the synthetic crowd
more appropriate for the real crowd, including eyes, hair, teeth, topologies, eyebrows,
eyelashes, and so on. Furthermore, these individuals were involved in the simulation
system’s estimation process.
Step 2: Unreal Engine (UE4) is primarily used as a platform to simulate various reallife scenarios that rarely occur. To make it more practical and closer to real-life situations,
we have used random crowd distribution (Figure 6). Because of the random distribution,
the crowd size for each simulated scenario is unknown before testing. Algorithm 1 demonstrates steps 1 and 2 with a detailed overview of how the simulation scenario was created
and 3D locations were extracted for the simulated crowd within the system.

Figure 6. The figure shows the demonstrations from Steps (1–2), where the synthetic image has been
captured from the UAV.

Algorithm 1 Algorithm for 3D simulation and data collection.
Input: H={ h1 , h2 , ..h126 }, Where H is a set of humanoid;
G={ g1 , ..g1000 }, where G is a set of environmental geometries
Output: Simulation Scenario S;
Log file LF consisting of 3D locations Pi ;
Frames captured Fi
while Not enough sample picked do
/*enough sampled here means the no. of humanoid objects required for
simulation*/;
Import a random hi
end
while Not enough sample picked do
/*enough sampled here means the no. of geometric objects required for
simulation*/;
Import a random gi ;
end
Combine the imported subsets C, which represents the crowd and M the mesh
respectively to get the simulation scenario S;
Start simulation;
while Not all crowd captured do
Fi =fly UAV around the crowd to capture frames;
Ray tracing ;
Li =extract crowd 3D locations Pi to log file LF;
Store locations in log file LF ;
end
return LF containing GT location Pi ;
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Step 3: Density estimation and blob detection were used for projection and verification.
To gather all the information and evaluate the output images, the system was trained using
real images and tested on synthetic images provided by the simulator. Few state-of-the-art
pre-trained models were considered for checking against both the synthetic and real data
to train and test the system. Moreover, we incorporated a multicolumn convolutional
neural network for single image crowd counting. We repeated this process for all the data.
The density heat maps generated using the person detector (Figure 7) for all the 2D images
were used for mapping the 3D data. Later, we used a Gaussian blob detector to extract the
individual’s 2D locations from the density maps. The coordinates were later used to ray
trace these 2D locations to obtain the 3D locations. These points were crucial for filtration
and determining whether or not the estimate point in the 3D model belonged to a person.
Algorithm 2 demonstrates step 3 and highlights the procedure followed to extract the 2D
coordinates for each person from each image that has been extracted.

(a) MCNN Output

(b) Blob detection

Figure 7. The figure shows the demonstrations of step 3, whereas (a) shows the network output from
MCNN in the form of density map and (b) represents the Step 3, where the blob detected from the
density map are shown and further used for mapping and tracing the crowd.

Algorithm 2 Algorithm for density estimation and Blob detection.
Input: Frames captured Fi
Output: .JSON File containing 2D coordinates ( xi , yi ) for each person EPi in
frame Fi ;
Initialization;
Download data set;
create directory;
Density_map = MCNN(Fi );//use MCNN Algorithm here to get heat map
for EPi ← 0 to Fi do
Read density_map to array;
Convert to gray scale;
Apply Laplacian of Gaussian in image;
Detect blobs;
Extract ( xi , yi );
Save extracted ( xi , yi ) to .JSON File
end
return.JSON File;
Step 4: Colmap is used to generate 3D models using the synthetic data (Figure 8)
gathered from the simulator. Various simulated images were captured by flying the UAV
over the randomly distributed crowd. The gathered data was merged into a realistic
model using structure-from-motion (SfM) and multiview stereo (MVS). The whole pipeline
returned the 3D parameters such as camera location, quaternion matrix, camera translation
and points such as screen points and 3D points for every 2D image provided as input.
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Figure 8. The image presents the first step of COLMAP 3D reconstruction where a set of simulated
overlapped images have been provided as an input.

This approach uses a set of multiview images captured by RGB cameras to reconstruct
a 3D model from the object of interest. 3D reconstruction is often identified as SfM-MVS.
SfM is an acronym for structure-from-motion. It creates a sparse point cloud model from
the input images.
First, the SfM technique determines intrinsic (distortion, focal length, etc) and extrinsic
(position and orientation) camera parameters (Figure 9) for putting the multiview images
into context by identifying the local features/keypoints of the images. The corresponding
points were then used to measure the 3D model and find the relationship between images.
Algorithm 3 represents how the 3D model (Figure 10) has been reconstructed as explained
in step 4.

Figure 9. The figure shows the UAV path trajectory. The data was captured by following a circular
path to store every crowd detail from the scene.

Figure 10. The figure explains the final step involved in the COLMAP reconstruction. A 3D model
has been provided as an output.
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Algorithm 3 Algorithm for 3D model reconstruction using COLMAP.
Input: Frames captured Fi
Output: Reconstructed 3D Model as STL file SF;
Cameras File CF;
Images File IF;
Point 3D File PF;
Initialization;
while 3D model not reconstructed do
Feature detection and extraction;
Feature matching and geometric verification;
Structure and motion reconstruction;
end
return model SF as text to store the values of CF, IF,PF

Step 5: A ray hit test was set up using the starting point and direction to find the
intersection point between the ray and 3D model plane. It was used to track down and
estimate the crowd size in 3D, while considering the challenge of a moving camera and
crowd. It is possible to ray trace every point in each 2D image, but it would be a very
expensive and time-consuming process. To overcome this problem, unrelated points were
filtered and discarded and ray trace was set up only for the points extracted after the blob
detection obtained the exact 3D location points. The returned ray intersection points with
the relevant frame numbers were stored and used in the next step to overcome the issue of
counting the same individual multiple times.
Structure-from-Motion (SfM) is the process of reconstructing 3D structure from its
projections into a series of images. The input is a set of overlapping images of the same
object taken from different viewpoints. The output is a 3D reconstruction of the object as
well as the reconstructed intrinsic and extrinsic camera parameters of all images. Typically,
Structure-from-Motion systems divides this process into three stages: feature detection
and extraction, feature matching and geometric verification and structure and motion
reconstruction. Furthermore, multiview stereo (MVS) takes the SfM output to compute
depth and normal information for every pixel in an image. Fusion of the depth and normal
maps of multiple images in 3D then produces a dense point cloud of the scene. Using the
depth and normal information of the fused point cloud, algorithms such as the Poisson
surface reconstruction [88] can then recover the 3D surface geometry of the scene.
Figure 11 depicts the original model reconstructed using an overlapped image provided as input. Before moving forward, plotting the traced point back is an efficient way of
checking the accuracy. For this, we used the reconstructed intrinsic and extrinsic camera
parameters of all images stored in a database. Later, we plotted the same traced points
back to create the same model to double-check the data accuracy. Figure 12 refers to the
back projected traced points to the point cloud which creates an accurate model and proves
the reconstructed model’s accuracy. Various steps followed in step 5 have been presented
in Algorithm 4 that demonstrate how the intersection points were extracted using a ray
hit test.
Step 6: A merging algorithm was developed to find the average of the total number of
points hit by the ray tracer. Then, a list of intersection points for each ID and the threshold
was set up as the input. The closest point to the threshold was selected. Each point of the
frame number (from ID 1 to N-1) was checked against all the neighbouring points with the
same ID. If the difference between the point P and the intersection point Q was greater than
the threshold, the point was appended to a new point set while the rest were discarded.
The detailed explanation and the steps involved in the algorithm have been discussed in
Algorithm 5.
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Algorithm 4 Algorithm for Ray Hit Testing.
Input: Cameras File CF;
Images File IF;
Point 3D File PF;
Blob Points 2D File BF;
STL File SF;
Output: Intersection point set pij for each frame Fi
Initialization;
Transform camera file into key values where key=Ci , camera id;
value=C p , camera parameters;
Transform image file into key values where key=P2Di , point 2D id;
value=I p , image parameters;
Transform Point 3D File into key values where key=P3Di , point 3D id;
value=3DPi , 3D parameters;
Map data;
Map Cameras File, Images File, Points3D File, Blob Points 2D File;
Map data output;
for Fi ← 0 to N − 1 do
Map Ci to IF point 2D;
Extract image data and point data;
Map image data with blob data;
Create kD tree from blob points;
for P2Di ← 0 to N − 1 do
if Closest to blob point in kD tree then
Map with P3Di ;
else
Eliminate P2Di ;
end
end
Caster = rayCaster.fromSTL(STL File, scale=1);
Read Data cam id, Data parameters, Caster;
Set up ray start point and direction;
Intersection points = caster.castRay(start point, direction);
end
return Intersection points pij ;

Figure 11. The figure shows the original 3D Model reconstructed using five humanoid prototypes.
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Figure 12. The figure has traced points back projected to the point cloud, while reconstructing the
original model.

Algorithm 5 Merging of Ray traced intersection points.
Input: List of intersection points pij for each frame Fi ;
threshold t
Output: Pointset Q
Initialisation;
pij = points[0];
for idi ← 0 to N − 1 do
new_point_set = Qi ;
for p ← 0 to Fi do
for q ← 0 to pij do
if (| p − q| > t) then
Q ← p ∪ Qi ;
end
end
end
return Q
Step 7: Point matching for evaluation was carried out in the final step. To evaluate our
detections, we had to match the ground truth 3D locations to the estimated locations from
our system. The Iterative Closest Point (ICP) [89,90] algorithm was used to find the best fit
transform and to validate the estimated points against the ground truth points. Fast Library
for Approximate Nearest Neighbors (FLANN) [91] was used for the nearest neighbour
search. A two-way matching of points was carried out and cross-checked between the two
3D point sets pairs. Algorithm 6 demonstrates the procedure followed for the two-way
matching from the two different point sets where Q represented the estimated average
points and P represented the ground truth points extracted from the simulation system. It
has been explained in step 1 of the presented method.
Algorithm 6 Algorithm for 2-way point matching using ICP.
Input: P = p0 , p1 , ..., p N ;
Q = q0 , q1 , ..., q M ;
Output: Matched pairs
Initialize transform M to be the identity;
until converged;
R = Find 2-way closest points between P and MQ ( MQ = Mq0 , Mq1 , ...Mq M );
update M based on matches in R;
return Pairs (P → MQ) and (MQ → P);
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3.6. Evaluation Metrics
Many evaluation metrics are available to predict the estimation and ground truths.
They are universally agreed and popularly adopted measures for crowd counting model
evaluation. They are classified as image-level for evaluating the counting performance,
pixel-level for measuring the density map quality and point-level for assessing the precision
of localisation.
The most commonly used metrics include Mean Absolute Error (MAE) and Mean
Squared Error (RMSE), which are defined as follows:
MAE =

1
N

N

∑ |CIi

pred

i =1

pred

gt

− C Ii |

(1)

gt

where N is the number of the test images, C Ii and C Ii represent the prediction results
and ground truth, respectively.
v
u
u1 N
pred
gt
RMSE = t ∑ |C Ii − C Ii |2
(2)
N i =1
Roughly speaking, MAE determines the accuracy of the estimates whereas RMSE
indicates the robustness of the estimates.
Precision is a good measure to determine when the costs of False Positive are high.
For instance, in the current crowd estimation approach, a false positive means that a point
hit by the model is not the right point (actual negative) and has been identified as a person
(predicted crowd). The crowd estimation system might lose the actual individual out of
the crowd, if the precision is not high for the crowd estimation model.
Precision =

TruePositives
TruePositives + FalsePositives

(3)

Recall calculates how many of the Actual Positives our model has captured by labeling it as Positive (True Positive). For instance, in the current system, if an individual
(Actual Positive) is not predicted and counted null (Predicted Negative), then the cost
associated with False Negative will be extremely high, and it might collapse the whole
estimation model.
Recall =

TruePositives
TruePositives + FalseNegative

(4)

F1 Score may be a better measure to use, if we need to strike a balance between
Precision and Recall and see if there is an uneven class distribution (a large number of
Actual Negatives).
F1 = 2 ×

Precision ∗ Recall
Precision + Recall

(5)

4. Implementation Details
In our experiments, we used Pytorch for training and testing synthetic data. For the
hardware equipment, the training was done on a 64-bit computer with 32 cores Intel(R)
Xeon(R) Gold 6130 CPU @ 2.10GHz processors, 48 GB RAM and two Tesla P100-PCIE-16GB
GPU devices. To improve the training set for training using MCNN, we cropped 9 patches
from each image at different locations; each patch was 14 size of the original image. We
trained 133 images that contained 1197 patches using the MCNN model. The 2D detector
model was trained on a shared network of 2 Convolutional layers with a Parametric
Rectified Linear Unit (PReLU) activation function after every layer to enhance the accuracy
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of the traced blob points. For the CMTL training, we cropped 16 patches from each image at
different locations; each patch was compressed to 14 size of the original image. We trained
133 images containing 2128 patches using the CMTL model.
The implementation of 3D crowd estimation was performed using a ray caster on the
reconstructed 3D model. The model was reconstructed using the 127 images that were
captured from our 3D simulator. The model was rebuilt using an Intel Core i7-8750H
processor with a 6 Cores/12 Threads @ 4.1 GHz CPU, Windows 10 on 16 GB RAM, and an
NVIDIA Geforce GTX 1060 Max-Q graphics card (6GB of dedicated memory). We used a
simple radial camera to capture the data while flying the UAV above the crowd. Initially,
the data was captured by following a circular path. The capturing angel varied from 45◦
to 90◦ while keeping the height and speed constant. The crowd was randomly placed
considering the fact that there is no ground truth in real-time.
5. Experimental Results
Blob detection aimed to detect regions, either in a digital image or synthetic image.
They were tested on the pre-existing state-of-the-art methods known as: From Open Set to
Closed Set: Supervised Spatial Divide-and-Conquer for Object Counting (S-DCNet) [42],
Locate, Size and Count: Accurately Resolving People in Dense Crowds via Detection
(LSC-CNN) [92], CNN-based Cascaded Multitask Learning of High-level Prior and Density
Estimation for Crowd Counting (CMTL) [93], and Single-Image Crowd Counting via
Multicolumn Convolutional Neural Network (MCNN) [10]. The estimated count of our
data set against the ground truth was promising and presented in the form of MAE and
RMSE. Moreover, we demonstrated that the simulator data is compatible and worked
appropriately with real-world crowd data.
The simulated images we used demonstrated a high degree of realism and quality
that worked with crowd estimation algorithms trained on real images. As demonstrated in
Table 5, S-DCNet, MCNN and CMTL showed promising results on our data set against
SHA. CMTL performed better and provided the best MAE of 27.6 and RMSE of 34.6.
Table 5. Testing of Our Data against Shanghai Tech Part_A (SHA) using state-of-the-art methods
where the highlighted text demonstrates the methods which performed better on our data set.

SHA
Methods
S-DCNet [42]
LSC-CNN [92]
CMTL [93]
MCNN [10]

Our Data Set

MAE

RMSE

MAE

RMSE

58.3
66.4
101.3
110.2

95.0
117.0
152.4
173.2

64.4
72.7
27.6
57.2

103.2
128.3
34.6
72.2

Comparing the publicly available aerial crowd data sets using individual state-of-theart methods (Figure 13), our synthetic data set performed comparatively better than the
other two data sets (Table 6). A similar number of images were used for testing and chosen
randomly. The VisDone2020_CC data performed better than our data set on S-DCNet with
a MAE of 71.39 and RMSE of 123.5. However, our data set performed better than the other
two data sets in the remaining methods as shown in Table 6 with a lowest MAE of 27.6
and RMSE of 34.6. For an accurate estimation, the original model was trained on a source
domain and can be easily transferred to a target domain by fine-tuning only the last two
layers of the trained model, which demonstrates good generalisability. To augment the
training sample set for training the MCNN, we cropped 16 patches from each image at
various locations and each patch was compressed to 14 size of the original image. The pretraining crowd density was very high where it used geometry-adaptive kernels to generate
the density maps and calculate the overlapping region density by calculating the average
of the generated maps to assist in more accurate estimation.
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Figure 13. This graph shows the estimated and ground truth count of the CMTL method tested using
ShanghaiTech data set.
Table 6. Comparison of aerial crowd data set against state-of-the-art methods.

Methods
LSC-CNN [92]
S-DCNet [42]
CMTL [93]
MCNN [10]

DLR_ACD [66]

VisDrone2020-CC [67]

Our Data Set

MAE

RMSE

MAE

RMSE

MAE

RMSE

71.4
76.3
97.2
122.1

104.3
134.8
168.2
193.6

65.41
71.39
103.4
118.6

107.4
123.5
148.2
169.6

64.4
72.7
27.6
57.2

103.2
128.3
34.6
72.2

For any method, data augmentation is important. The S-DCNet results suggest that
S-DCNet method is able to adapt to the crowded scenes. The method cropped the original
image into 9 sub-images of 14 resolution. Mirroring performance and random scaling
doesn’t work well on our data. Due to random crowd distribution in our data, the first
4 cropped 224 × 224 sub-images which refers the four corners of the image, didn’t fit
well and failed to identify the crowded regions in some images which downgraded the
performance of our data set. On the other hand, the randomly cropped images improved
the downgraded performance and identified the crowded regions which eventually delivered a better performance. However, the VisDrone2020-CC data contains a higher density
crowd than ours where the sub-images or cropped patches located the crowd easily. It performed comparatively better on high-density images that justifies that S-DCNet effectively
generalises to large crowd data and makes accurate predictions.
After analysing the methods and their best results, we chose CMTL and MCNN
for training the model on synthetic data. We selected the CMTL’s and MCNN’s best
model using error on the validation set during training, and set 10% of the training
data for validation. Then, we obtained the ground truth density maps using simple
Gaussian maps and compared them against network output (Figure 14). The method
performed better when the system was trained using synthetic data and tested against the
ShanghaiTech data set.
Table 7 shows the output comparison between CMTL model, MCNN model and
model trained on our synthetic data set. Our model demonstrates a better performance
against the original CMTL model using the same data set which is evident by a low MAE
of 98.08 and RMSE of 131.22 which is comparatively better than the original CMTL model.
To show the advantage of using our simulator in training with various scenarios, we have
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additionally trained a multicolumn convolutional neural network (MCNN) on synthetic
data and tested against SHA.
150

Synthetic Dataset Test against Real Crowd Data
GT Count
Estimated Count

Crowd Size

100

50

0
0

20

40

60

80

100

120

140

Frame Number
Figure 14. The graph shows the comparison between the ground truth (GT) and the estimated count
(ET) that were tested against the CNN-based Cascaded Multitask Learning of High-level Prior and
Density Estimation for Crowd Counting (CMTL) [93] method using the aerial synthetic images. We
randomly selected 140 images from the synthetic data for testing and compared them against the
ground truth.
Table 7. The table presents the results of CMTL model, MCNN model and our synthetic data trained
model that were tested against the ShanghaiTech data set.

SHA
Method

MAE

RMSE

CMTL Model
Our Model

101.3
98.08

152.4
131.22

MCNN Model
Our Model

110.2
117.01

173.2
194.79

Finally, we tested our own data set as shown in Table 8 using the model trained on
synthetic images. The CMTL performed better with the results depicting a lower MAE of
8.58 and RMSE of 10.39. This model offered an accurate estimation of the synthetic data
and significantly improved the accuracy of 3D crowd estimation method.
Table 8. The table shows the output of synthetic data model tested against our synthetic data set.

Methods

MAE

RMSE

CMTL
MCNN

8.58
17.43

10.39
24.46

To the best of our knowledge, this is the first UAV-based system for crowd estimation.
The developed system efficiently captures and calculates large crowds spread over a large
geographical area. To determine the system’s robustness, the results have been compared
to standard metrics such as accuracy, recall, RMSE, and MAE. Our proposed method
outperforms with a randomly distributed static crowd from a moving camera in 3D and
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shows a throughput with an accuracy of 89.23%. The output shows the accurate estimation
of 116 people out of 130 which highlights the robustness of the proposed method with
a possibility to improve the detection rate in further testing. With a precision of 94.30%
and recall of 95.86% shown in Table 9, the RMSE of 0.0002748 justifies that the proposed
method is efficient to capture and estimate a large geographical area as well as produce
an accurate count in minimal time. The method also validated using two-way mapping
methods where the output was matched with the ground truth points to cross-check the
initial performance.
Table 9. The table shows the results for 3D crowd estimation using UAV method.

RMSE

Accuracy

Precision

Recall

F1

0.0002748

89.23%

94.30%

95.86%

0.9507

Figure 15 illustrates the final output from the ICP [94] where the ground truth points
(P) were plotted against the 3D estimated points (MQ). In the ICP, we provided the input
point set as P and Q and initialized transform M to be the identity until it was converged.
The converged ICP in 1 iteration highlighted the accuracy of the estimated and groundtruth locations. FLANN [91] was used for the nearest neighbour search. Two-way matching
of points was carried out and cross-checked between P and MQ. The final result outputs
with a list of closest points and 116 pairs matched between P and MQ out of 128 pairs.
A wider comparison of our results with the state-of-the-art methods, however, is not
possible as no similar method that can justify and motivate us to compare the results with
the ground truth exists.

Figure 15. The figure shows the output from the ICP. The plot shows the GT points as P and possible
estimated points as MQ.
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6. Discussion
The simulation system generated virtual crowd data set was initially tested in conjunction with four well-known state-of-the-art approaches. While performing experiments with
virtual crowd data set, we encountered less errors, which is evident by the low MAE and
RMSE. The CMTL method outperforms with a MAE of 27.6 and RMSE of 34.6. During the
testing, we noted that annotating the accurate position is the most important aspect in
accurate computation and generation of density maps. Crowds with distinct features and
geometries are important to obtain better results from the virtual data. It not only reduces
the chances of overlapping but also helps to create a robust reconstruction model.
In the aerial data set comparison, our simulation system generated data outperforms
against DLR_ACD and VisDron2020-CC data sets when tested against S-DCNet. Due to
the sparse crowd distribution in our data, the methods which evaluates the entire image as
an input such as MCNN and CMTL preforms better than the approaches like S-DCNet that
divide the whole image into patches where the accuracy depends on the image density. It
should also be noted that the number of patches that lie in the empty region surpasses the
crowded region and could not help much in estimation and the error rate will be high.
For a better evaluation of the crowd counting method performance under practical
conditions, we have simulated and labeled our new data set. Furthermore, our model has
been trained on a source domain that can be easily transferred to a target domain by finetuning only the last few layers of the trained model. To enhance the training sample set for
training the MCNN, we have cropped 16 patches from each image at various locations and
each patch is compressed to 14 size of the original image. Our data set outperforms against
the state-of-art CMTL model with a higher throughput and lowest MAE of 98.08 and RMSE
of 131.22. We have also tested our data against the model trained on the same set of data
which shows a MAE of 8.58 and RMSE of 10.39. This trained model is helpful especially
with the same synthetic data and provides a higher accuracy than any other methods but is
limited to the same set of data. Further testing needs to be done on the existing publicly
available data sets where we want to see how these synthetic data trained model behaves
with a new set of data.
The proposed method of 3D crowd estimation system has been tested on various
scenes using random crowd distribution. Further testing needs to be done to improve
the consistency of the method. Initial test on a moving camera and static crowd provided
the accuracy of 89.23% which need to be improve and tested on a large scale. That said,
the problem of moving crowd and moving UAV is still being worked on. Here, the reconstruction of a 3D model needs to be considered carefully because the points not aligned
properly leads to a false estimation or an output with a lower accuracy. The overlapping
of the data and stability of the moving camera is very crucial and needs to be considered
while capturing the crowd.
At any given time, the most important issue is optimising the flight path over a wide
area to get the most accurate estimate of the available crowd. For example, crowd density
may be higher along roads or maybe spilling out radially from the town centre which needs
to be dealt in the near future for more accurate estimation. We have captured the data and
gathered information for future analysis of different crowd distribution. This data needs
to be studied in terms of how synthetic data differs from real data considering domain
randomisation, transfer learning and adaptation.
7. Conclusions
Crowd estimation in the 3D domain has grabbed the attention of the computer vision
industry, as it provides a more reliable and comprehensive information of the crowd. In this
article, we have presented an up-to-date review of open-source simulators and relevant
crowd data sets with their shortcomings. It primarily justifies the need of a 3D simulator
and explains the type of data the simulator should generate. The paper describes the initial
issues of crowd estimation from a moving camera and proposes a solution by developing
a 3D crowd simulator for training and testing. It also covers the testing of 3D simulator
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data by implementing the pre-existing techniques such as LSC-CNN, S-DCNet, CMTL
and MCNN. Moreover, it highlights a pre-developed approach to train the synthetic data
precisely and validate it using state-of-the-art methods, which justifies that virtual data is as
effective as the existing data captured in reality. This will contribute in future development
by generating more virtual data sets which could be useful for training deep learning
models. In addition, it identifies three big and precise crowd estimation issues, along
with introducing a method for 3D crowd estimation using UAV. The presented method
can estimate large crowd spread over a large geographical area. Lastly, it explores the
limitations that the current model do not address, as well as what needs to be addressed in
the future and how the current state will assist in addressing future problems.
In the future, our presented approach could be extended for various potential 3D applications which include tourist attraction [95] using video information to attract and maintain
tourist flow, suspicious action detection [96] by monitoring crowded areas and alerting
authorities of any suspicious activities and safety monitoring [97] in various facilities, such
as religious gatherings, airports, and public areas to monitor crowds, among others.
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Abbreviations
The following abbreviations are used in this manuscript:
2D
3D
CMTL
CPU
FLANN
GPU
GT
ICP
LSC-CNN
MAE
MCNN
MVS
PReLU
RMSE
S-DCNet
SfM
UE4
UAV

2-Dimensional
3-Dimensional
Cascaded Multitask Learning
Central Processing Unit
Fast Library for Approximate Nearest Neighbors
Graphics Processing Unit
Ground Truth
Iterative Closest Point
Locate, Size and Count
Mean Absolute Error
Multicolumn Convolutional Neural Network
Multiview Stereo
Parametric Rectified Linear Unit
Root Mean Square Error
Spatial Divide-and-Conquer
Structure-from-Motion
Unreal Engine 4
Unmanned Aerial Vehicle
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