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ABSTRACT 

 

Visual surveillance of human crowds in a dynamic environment has attracted a great 

amount of computer vision research efforts in recent years.  Moving object detection, which 

conventionally includes motion segmentation and optionally, object classification, is the first 

major task for any visual surveillance application.  After detecting the targets, estimation of their 

geo-locations is needed to create the same reference coordinate system for them for higher-level 

decision-making.  Depending on the required fidelity of decision, multi-target data association 

may be also needed at higher levels to differentiate multiple targets in a series of frames.  

Applying all these vision-based algorithms to a crowd surveillance system (a major application 

studied in this dissertation) using a team of cooperative unmanned vehicles (UVs), introduces 

new challenges to the problem.  Since the visual sensors move with the UVs, and thus the targets 

and the environment are dynamic, it adds to the complexity and uncertainty of the video 

processing.  Moreover, the limited onboard computation resources require more efficient 

algorithms to be proposed.  Responding to these challenges, the goal of this dissertation is to 

design and develop an effective and efficient visual surveillance system based on dynamic data 

driven application system (DDDAS) paradigm to be used by the cooperative UVs for 

autonomous crowd control and border patrol.  The proposed visual surveillance system includes 

different modules: 1) a motion detection module, in which a new method for detecting multiple 

moving objects, based on sliding window is proposed to segment the moving foreground using 

the moving camera onboard the unmanned aerial vehicle (UAV); 2) a target recognition module, 

in which a customized method based on histogram-of-oriented-gradients is applied to classify the 

human targets using the onboard camera of unmanned ground vehicle (UGV); 3) a target geo-
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localization module, in which a new moving-landmark-based method is proposed for estimating 

the geo-location of the detected crowd from the UAV, while a heuristic method based on 

triangulation is applied for geo-locating the detected individuals via the UGV; and 4) a multi-

target data association module, in which the affinity score is dynamically adjusted to comply 

with the changing dispersion of the detected targets over successive frames.  In this dissertation, 

a cooperative team of one UAV and multiple UGVs with onboard visual sensors is used to take 

advantage of the complementary characteristics (e.g. different fidelities and view perspectives) 

of these UVs for crowd surveillance.  The DDDAS paradigm is also applied toward these vision-

based modules, where the computational and instrumentation aspects of the application system 

are unified for more accurate or efficient analysis according to the scenario.  To illustrate and 

demonstrate the proposed visual surveillance system, aerial and ground video sequences from the 

UVs, as well as simulation models are developed, and experiments are conducted using them.  

The experimental results on both developed videos and literature datasets reveal the effectiveness 

and efficiency of the proposed modules and their promising performance in the considered 

crowd surveillance application. 
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CHAPTER 1 

1 INTRODUCTION 

Applying computer vision methods for surveillance serves a wide range of purposes, 

varying from human identification, to crowd statistics and anomaly detection (Hu et al. 2004).  In 

all these applications, the ultimate goal of visual surveillance is to employ cameras in real-time 

to replicate the basic functions of human vision system autonomously, where the only input is 

the video sequence.  Hence, the system performs both the lower-level tasks (e.g. motion 

detection and tracking), as well as higher-level decision making (e.g. anomaly detection and 

identification).   

In an autonomous visual surveillance system designed for border patrol (a major 

application considered in this dissertation), the first essential step is to detect the human crowds.  

To do so, moving targets detection and human classification are considered as sub-tasks, while 

the geographic location of targets need to be estimated for creating the same reference for all 

visual surveillance units.  Target visual tracking is also required in making higher-level decisions 

based on the location and/or shape of the object in every frame (Joshi and Thakore 2012).  The 

main functionality of a visual tracker is to robustly estimate the motion state of a target (e.g. 

location, orientation, and size) over time.  However, a typical multi-target tracking (MTT) 

problem, adds a higher-level complexity to the visual surveillance, due to data association 

requirements of assigning multiple previously detected targets to their corresponding 

measurements (i.e. recent detections).  

A major problem with the currently available visual surveillance systems is the cost-

quality tradeoff.  While some vision algorithms can perform accurately in an offline manner for 

video analysis, applying them to online scenarios is either impractical or require degrading the 
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performance.  On the other hand, real-time applications such as autonomous surveillance using 

unmanned vehicles (UVs) exceedingly rely on effective and efficient use of dynamic data 

acquired through the sensors.  Therefore, designing and developing dynamic data-driven 

computer vision algorithms that can adjust accordingly for accurate decision making in a timely 

manner is highly demanded.  According to the Dynamic Data-Driven Application Systems 

(DDDAS) paradigm (Darema 2004), a feedback and control loop between sensing and 

computation units can incorporate the dynamic data into an existing application, and then 

dynamically steers the measurement process to improve the modeling and processing methods.  

Such approaches have been shown to enable more accurate (i.e. effective) and faster (i.e. 

efficient) modeling and analysis of the characteristics of a system. 

 

1.1 Application System 

In this dissertation, a dynamic data-driven visual surveillance system operating by a team 

of one unmanned aerial vehicle (UAV) and multiple unmanned ground vehicles (UGVs) is 

considered for border patrol and human crowd control.  Figure 1.1 (Minaeian, Liu, and Son 

2016) shows a schema of agents (i.e. UVs) and targets in the discussed visual surveillance 

system.  In this figure, both image plane and earth plane as the two main environments in 

designing vision-based methods are depicted. 

To develop the proposed visual surveillance system, four main modules of 1) target 

detection, 2) target recognition, 3) target geo-localization, and 4) multi-target data association 

were examined and developed.  These generate required information for higher-level decision 

making (e.g. path planning) by UVs in performing the surveillance and border patrol tasks.  The 

proposed modules and their information flow along the visual surveillance system are depicted in 
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Figure 1.2. The dynamic feedback-control loop between the sensing unit (e.g. cameras) and 

computation unit (e.g. decision-maker) is also shown in the figure for illustrating the DDDAS-

based system.   

 

Figure 1.1: Illustration of the UVs and targets in the considered visual surveillance scenario 

(Minaeian, Liu, and Son 2016) 

 

 

Figure 1.2: Proposed dynamic data-driven visual surveillance framework 
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1.2 Problem Statement 

Applying various vision-based algorithms (i.e. targets detection, recognition, geo-

localization, and data association) using teams of cooperative UVs introduces new challenges to 

the visual surveillance problem.  Due to the movements of UVs’ onboard cameras, the 

background is also non-stationary, which increases the complexity and error rate of the video 

processing for detection and geo-localization.  Moreover, considering the non-rigid shape of 

targets (i.e. humans crowds in this work), their recognition, classification, and data association 

are challenging.  Target tracking and data association are also very difficult due to variations in 

targets appearance and motion patterns.  Another specific problem related to the target geo-

localization, is the use of landmarks for handling loss of information in 3-D to 2-D 

transformation.  In the scenario of crowd surveillance via UAVs, we face an unknown 

environment, in which it is not always feasible to use fixed landmarks with preserved relative 

geometry.  We need to use landmarks with known real-world positions, which can relocate along 

with the UAV detection range.  Moreover, the limited onboard computing resources, require 

more efficient algorithms for low-level processing and decision making.  The multi-target data 

association is generally considered as a combinatorial optimization. Specially, if complex 

affinity models are used for data association, the problem quickly becomes NP-hard, and hence, 

very compute-intensive for real-time processing.   

Table 1.1 summarizes some of the common challenges in visual surveillance using UVs, 

as well as the vision-based modules that can be affected by them. In this dissertation, we have 

tried to address and resolve these problems while detecting and classifying, geo-localizing, and 

associating multiple targets.  More specifically, we addressed the problem of camera movements 

in moving object detection and effective geo-localization, while variations in appearance and 
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motion of the targets are addressed through our proposed dynamically adjusted data association.  

Furthermore, in this dissertation, the image position of the detected target is transformed to its 

3D geographic location through localizing independently moving landmarks with unknown 

moving patterns.  Hence, the cooperative UGVs are considered as landmarks to propose an 

efficient geo-localization algorithm via UAV.  Real-time processing is also handled in different 

stages of the visual surveillance through proposing efficient algorithms as well as adjusting the 

key parameters based on the dynamic data. 

 

Table 1.1: Major challenges in visual surveillance of human crowds and the affected functions  

Challenge Affected Computer vision algorithm 

Camera movements Motion detection; Geo-localization 

Complex or non-rigid target shape Target recognition; Multi-target data association 

Variations in target motion Motion detection; Multi-target data association  

Variations in target appearance Target recognition; Multi-target data association 

Partial and full object occlusions Geo-localization; Multi-target data association 

Unknown environment Motion detection; Geo-localization 

Presence of noise in images All modules 

Real-time requirements of autonomy All modules 

 

The last problem that we face in this application, is the high cost and technical limitations 

in building numerous UAVs and UGVs for a sole-hardware-based real testbed.  Multiple UGVs 

are also needed as landmarks to verify and validate our proposed geo-localization algorithm.  To 

this end, we developed and used agent-based simulation models for demonstrating the proposed 

detection and geo-localization algorithms and designing experiments, since: 1) less time and cost 

are needed for running simulation-based experiments compared to the real testbed in a border 
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area and 2) it is more convenient to verify estimated locations and run experiments with 

changing parameters.  Real image-sequences from UAV and UGVs as well as available datasets 

in the literature are also used for demonstration and validation of the proposed visual 

surveillance system. 

 

1.3 Research Goals 

The goal of this dissertation is to design and develop an effective and efficient visual 

surveillance system based on the DDDAS concept to be used by the cooperative UVs for the 

application of real-time autonomous crowd control and border patrol.  This dynamic data-driven 

visual surveillance system includes different modules, including: 1) a new moving object 

detection to detect the crowds from the camera onboard UAV (see Appendix B), 2) a customized 

human classification method to recognize the individuals using the cameras onboard UGVs (see 

Appendix A), 3) a new moving-landmark-based geo-localization of crowd from the UAV (see 

Appendix A), 4) a heuristic method based on triangulation for target geo-location from the UGV 

(see Appendix A), and 5) a novel multi-target data association module based on dynamically 

adjusted affinity score for differentiating and following detected targets over successive frames 

(see Appendix C).  We propose to use cooperative teams of one UAV and multiple UGVs with 

onboard visual sensors due to their complementary advantages.  

 

1.4 Detailed Objectives 

To achieve the above goal, the research work has been divided to a series of detailed 

tasks with respect to each of the vision-based modules, discussed in Section 1.1.  The following 

three objectives have been fulfilled throughout this dissertation:   
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• The first objective is to design and develop an effective, yet efficient moving crowd 

detection module using cooperative UAV and UGVs.  To this end, a new moving object 

detection method is proposed for detecting crowds under the lower fidelity assumption 

via the moving camera onboard the UAV.  The proposed method accurately segments 

multiple independently moving foreground targets, by integrating multiple background 

subtraction techniques (i.e. spatio-temporal differencing and local motion history 

estimation) over a sliding window of frames (for reducing the image registration error), 

where successive frames are warped using a perspective transformation.  This method is 

then complemented by a customized human recognition method for classifying the 

individual targets under the higher fidelity assumption, via visual sensors onboard UGVs.  

The specific motivation of recognition task is for the UGVs to cooperate with the UAV in 

classifying the detected moving regions as human crowd versus other moving objects.   

• The second objective is to design and develop a localization module for estimating the 

geo-locations of the detected targets via the UAV and the UGVs, in an effective manner.  

The motivation for the geo-localization task is to create a unified reference for UVs’ 

decision-making through converting the targets’ image locations into their real-world 

positions.  For target geo-localization by UAV, a new moving-landmark-based method is 

proposed, which considers cooperative UGVs as moving landmarks.  The rationale to use 

UGVs with colored identifiers as landmarks is that they also move with the targets in the 

detection range of the UAV and hence, can cooperate in geo-localization task, where 

using fixed landmarks is not feasible.  Furthermore, there are more sources of uncertainty 

involved with the UAV’s GIS-based location (lateral and vertical positioning errors) 

compared to that of a UGV (lateral positioning error only), and consequently, the 



20 
	

proposed landmark-based localization method outperforms localization based on the 

UAV’s camera calibration.  As the moving UGVs may be mistaken for the moving 

targets by the UAV detection algorithm, an assignment problem is also solved at every 

detection interval for the best assignment of motion-detected blobs to their corresponding 

color-detected landmarks, if any.  The proposed algorithm is also efficient in the way that 

it does not need the camera calibration in advance or stereovision of multiple cameras.  

For target geo-localization by UGV, the use of RGB-D sensors (e.g. Microsoft Kinect) to 

capture per-pixel depth information is not appropriate for outdoor applications (due to 

their limited detection range), and hence, a heuristic method is proposed based on 

triangulation for target distance estimation.   

• The third objective is to design and develop an effective, yet efficient multi-target data 

association module, so that newly detected targets (measurements) at each time stamp 

can be associated to previous detections (tracks) based on dynamic data.  In this 

dissertation, we relax common data association constraints (e.g. manual initialization of 

tracks and/or a fixed, known number of objects) and propose a new data association 

method for robust labeling of the detected targets in a variety of scenarios.  The proposed 

method revisits the global nearest neighbor (GNN) approach (as a rather simple 

algorithm) with a dynamically adjusted affinity score and considering dummy targets for 

association of missed or new measurements in the image sequence, to produce effective 

results in an efficient manner.  Therefore, this algorithm can accurately associate any type 

of detected targets (i.e. crowds or individuals) via UAVs or UGVs, by selecting the most 

appropriate affinity function as a weighted summation of location and appearance 
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features, where their contributions are determined based on a new normalized 

discriminative metric, summarizing the frames entropy. 

 

1.5 Organization of the Dissertation 

The remainder of this dissertation is organized as follows.  Chapter 2 provides an 

extensive literature review and seminal background information on human visual surveillance 

methodologies and related research topics for each vision-based module (e.g. motion detection, 

geo-localization, and data association).  Chapter 3 provides an overview of the proposed methods 

in the context of a dynamic data-driven visual surveillance framework, concludes the 

contributions in this dissertation, and discusses the future research directions.  The details of the 

proposed methodologies, discussions, and experimental results with respect to each of the 

detailed objectives in Section 1.4 are presented as the published and submitted papers in the 

corresponding appendices.  

Appendix A presents a paper entitled “vision-based target detection and localization via a 

team of cooperative UAV and UGVs” (Minaeian, Liu, and Son 2016) on the first and second 

objectives.  This paper discusses the proposed target detection and geo-localization modules to 

be applied by the UAV and UGVs in the considered application system.  More specifically, a 

customized motion detection algorithm based on optical flow is proposed to follow the crowd 

from the moving camera mounted on the UAV, while UGVs apply a customized human detector 

method based on histogram of oriented gradients (HOG) for target recognition.  The UAVs 

localization algorithm, proposed in this paper, then converts the crowds’ image positions into 

their geo-locations, using moving-landmark assignment and perspective transformation.  A 

heuristic localization method by a UGV is also presented, which estimates the geographic 
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locations of the detected individuals based on triangulation.  Moreover, an agent-based 

simulation model for system verification is also presented, while dynamically adjusting different 

parameters, such as flight altitude, number of landmarks, and landmark assignment method for 

sensitivity analysis.  

Appendix B presents a manuscript submitted for publication, entitled “effective and 

efficient detection of moving targets from a UAV’s camera” on the first objective.  This paper 

proposes an improved method for detection of moving foreground targets by the UAV.  More 

specifically, the proposed method advances the existing methods in a number of ways to improve 

the effectiveness, efficiency, and robustness of the moving targets detection, where: 1) extracted 

background keypoints are being tracked using optical flow at every detection interval depending 

on the altitude and speed of the UAV, used as bases for background motion estimation; 2) 

multiple moving foreground segmentation techniques (i.e. spatio-temporal differencing and local 

motion history estimation) are integrated over a sliding window, where successive frames are 

warped using a perspective transformation; and 3) the image registration error is reduced 

significantly by referencing a third frame on the sliding window for transformation of two other 

frames. 

Appendix C presents a manuscript submitted for publication, entitled “effective and 

efficient multi-target data association via dynamically adjusted affinity scores” on the third 

objective.  More specifically, this paper proposes a novel data association method for effectively 

and efficiently associating multiple targets based on dynamic-data to be used by the real-time 

visual surveillance.  The proposed method revisits the GNN approach with a dynamically 

adjusted affinity score and considering dummy targets for association of missed or new 

measurements in the image sequence, to produce effective results in an efficient manner.  As 
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another contribution, the proposed gating technique adjusts the affinity scores for the real-

dummy target pairs association, to generate valid solutions, regardless of the threshold value. 

 



24 
	

CHAPTER 2 

2 BACKGROUND AND LITERATURE REVIEW 

Computer vision methods applied for the UAV/UGV field have been continuously 

improved in recent years to process image sequences and videos from the environment, aiming at 

production of numerical or symbolic information in forms of decisions. As mentioned in Section 

1.3, the theme of this dissertation is to propose a dynamic data driven visual surveillance system 

for human crowd control under the DDDAS paradigm and using cooperative UAV/UGVs. In this 

chapter, surveys of seminal and major works available in the literature on different autonomous 

visual surveillance methodologies and computer vision techniques are provided.  In particular, 

the literature works on key topics related to the objectives in Section 1.4, including: 1) moving 

crowd detection from a moving camera, 2) target geo-localization, and 3) multi-target data 

association, are reviewed.   

 

2.1 Moving Crowd Detection from a Moving Camera 

In most autonomous surveillance systems, the first functional step is to detect the targets 

through some sensors so that the related decisions can be made for the actuators.  According to 

(Hu et al. 2004), visual sensors (i.e. cameras) are the most common sensors for target detection 

in surveillance applications, due to their low cost and vast variety of analysis methods. For this 

type of applications, vision-based human detection methods are generally divided into two sub-

modules: 1) motion detection, whose goal is to detect targets in motion and 2) classification, 

which categorizes the detected target into human classes based on some known features (Paul, 

Haque, and Chakraborty 2013).  Since in this dissertation both sub-modules are required for 
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surveillance by the UAV (through moving target detection) and UGVs (through human 

classification and target recognition), this section provides literature survey on both topics. 

 

2.1.1 Moving Object Detection 

According to (Liu and Dai 2010), detection techniques mainly aim at tracking features, 

appearance, or motion, among which, we use motion-based techniques for detecting the moving 

crowd.  In (Paul, Haque, and Chakraborty 2013), motion detection methods are conventionally 

categorized as: 1) background subtraction; 2) spatiotemporal filtering; and 3) optical flow.  

Background subtraction tries to segment the moving foreground by considering the difference of 

the current frame compared to a reference.  However, this technique is more effective when 

using a static or pan-tilt-zoom camera (Ferone and Maddalena 2014).  Spatiotemporal filtering 

technique characterizes the motion pattern of the moving object throughout the frame sequence 

and uses time as the third dimension, which makes the video a 3D volume 𝑥, 𝑦, 𝑡 ; but it is more 

sensitive to noise and variations in the movement pattern.  Optical-flow-based techniques, 

though, consider the relative movements between an observer and the scene, and hence are more 

robust to simultaneous motions of both camera and target.  Optical flow is also suggested as the 

most popular analysis technique for motion detection using the camera mounted on UAVs 

(Rodríguez-Canosa et al. 2012).  However, some optical-flow-based methods suffer from high 

computational complexity and thus, are not appropriate for real-time onboard processing. 

In this dissertation, we face the challenge of extracting moving target regions in an online 

manner using sensors and computational resources onboard a moving vehicle, such as UAV.  In 

order to separate the foreground target with visually plausible boundary, several complex 

separation methods are proposed, assuming that the camera is mostly stationary, and the 
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background is known or can be modeled (Criminisi et al. 2006, Monnet et al. 2003).  However, 

only few research works have addressed the problem of moving target segmentation in a series 

of dynamic background images, where applying existing methods toward a moving camera 

imposes many constraints. 

As a background subtraction approach, structure from motion (SFM) method (Zhang et 

al. 2007) was used to estimate the camera movement parameters as well as the sparse 3D points 

and depth map, via a hand-held camera.  Although applying such methods make the resulted 

foreground mask and moving targets boundaries accurate, they are restricted to the scenes with 

large depth differences between foreground and background (hence, not robust enough).  

Moreover, the algorithm was too complex and time-consuming to be used for real-time 

applications, due to its iterative refinement and the need for camera self-calibration.  

Spatio-temporal approach is also used for moving objects detection with moving camera, 

through motion decomposition.  However, such approaches generally require accurate estimation 

of the foreground motion and hence, are commonly limited to detecting a single target.  As an 

instance, pixel displacements and the sparse error matrices over image sequences were computed 

in (Wu, Oreifej, and Shah 2011), where the latter matrix accounted for the articulated motion of 

a moving object.  Then, the target was detected through applying a simple threshold on these 

articulated motions.  However, such a method is mainly applicable to scenarios with quite planar 

background and only a single moving object.  Moreover, it miss-classifies slowly moving objects 

as background, while extracts background parts with apparent ensemble motion as foreground, 

and hence, applying a simple fixed ratio of threshold is neither robust, nor effective enough.  In 

order to detect multiple moving targets, some literature works have also used transformation 

under spatio-temporal approach for segmenting the moving foreground; however, the presented 
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methods still lack efficiency, effectiveness, or robustness to be applied for moving targets 

detection via a freely moving camera in real-time.  More similar to the approach in our work, a 

state-of-the-art method for continuous tracking of a moving target over multiple cameras was 

proposed in (Kang, Cohen, and Medioni 2003).  Their motion detection via a moving camera 

was based on an adaptive background model in which, the camera motion was estimated by an 

affine transformation.  However, such transformation is not appropriate for a freely moving 

camera onboard a UAV, due to its lack of generality and proper approximation of the scene 

geometry.  Another limitation of such method is that, the authors calculated the statistics of each 

single pixel over the sliding window, and hence, the computational complexity increases 

significantly, which makes it less-efficient to real-time scenarios.  In more recent literature (Lin 

and Wolf 2010, Kang et al. 2013), though, Homography is used to estimate the camera 

transformation and also a conditional random field (CRF) model is applied to obtain the moving 

foreground mask.  Specially, Lin and Wolf (2010) combined an ellipsoid shape for a camera 

projection model, where camera motion parameters were estimated by genetic algorithm and 

non-linear least square.  However, the detected moving target mask was not compact enough, 

and their approach is more applicable to image series from a camera in a forward moving 

vehicle, rather than freely moving camera onboard a UAV with different orientations.  Therefore, 

their method lacks robustness.  

As an alternative approach, recent works focused on employing particle trajectories based 

on optical flow, for moving objects detection.  Although optical flow is rather robust to 

concurrent motions of both foreground and background, the existing classification methods 

generally lack either the speed or the accuracy required for real-time moving target detection 

onboard a UAV.  As an instance, optical flow is used in (Dey et al. 2012) to extract dense 
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particle trajectories for each mesh-grid pixel only in the first frame.  Then, a multi-frame 

epipolar constraint of monocular moving camera is applied for moving target detection in a 

general 3-D scene.  Although such constraint provided a consistent classification between 

moving (foreground) and static (background) objects, the boundaries of moving targets were not 

accurate due to mislabeling of some neighboring background pixels as foreground.  Moreover, 

such a method assumes that the reference plane is consistent across all views, while this 

assumption is rather invalid, due to the camera movements.  In (Minaeian, Liu, and Son 2015, 

2016), the optical flow was used along with affine transformation between two successive frames 

for moving target detection.  However, such a technique is not robust enough for moving UAV 

and the effective results are limited to the hovering movements.  To resolve such issue, we have 

recently updated the optical-flow-based method through proposing perspective transformation on 

a sliding window framework, which is discussed in detail in Appendix A of this dissertation.  In 

a more recent work, Wu, He, and Nguyen (2017) presented background motion subtraction 

(BMS) method, where the main idea is to decompose ensemble motion into those of background 

and foreground objects.  To do so, the algorithm first segments the coarse foreground regions, 

then, reconstructs the background motion in these regions by an interpolation method, and 

finally, applies an adaptive threshold to segment the fine foreground.  Although Wu, He, and 

Nguyen (2017) considered adaptive thresholding for segmenting multiple moving objects, BMS 

still mixes objects moving at a low speed with the background, at some complex scenarios.  

Moreover, applying mean-shift algorithm for optimizing the foreground segmentation is neither 

efficient, nor always effective for boundary regions of the image, in a robust manner.  

Considering the limitations of related literature works, in this dissertation, we propose an 

effective and efficient method for detecting independently moving targets from a UAV, where: 
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1) extracted background keypoints are tracked at every detection interval, to enhance efficiency; 

2) multiple moving foreground segmentation techniques are integrated over a sliding window 

and based on perspective transformation of frames to enhance effectiveness; and 3) the image 

registration error is reduced by referencing a third frame on the sliding window. 

 

2.1.2 Human Classification 

After detecting the moving targets by the UAV, one further step for classification of 

human versus non-human crowds is needed, for which, the UGVs with closer distances to the 

targets are used in this dissertation.  According to (Tuzel, Porikli, and Meer 2007), there are two 

groups of leading approaches towards the human detection problem in the literature: 1) based on 

sequentially applying a classifier to all regions of interest (ROI) in an image (Papageorgiou and 

Poggio 2000, Dalal and Triggs 2005); and 2) based on detecting human parts (Xia, Chen, and 

Aggarwal 2011), which generally requires higher resolution cameras. 

As for the part-based classification approach, Xia, Chen, and Aggarwal (2011) proposed 

to detect human targets using depth information taken by the Kinect for Xbox 360.  Their body-

parts model-based approach considers 2-D head contour model and a 3-D head surface model.  

Although such a method performs well to extract the contours of the target based on detection 

point, it is not applicable to outdoor scenarios, due to the limited depth estimation capabilities of 

RGB-D cameras (e.g. Kinect 3-D sensor).  Moreover, since the sensors we are considering for 

use onboard UAVs and UGVs in this dissertation are off-the-self low-resolution cameras, we 

focus on the first group of methods.  

For a regular camera application, Paul, Haque, and Chakraborty (2013) discussed that a 

2-D moving object could be classified based on its shape, motion characteristics, or texture.  
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Shape-based methods use pattern recognition approach which is not robust enough, due to 

various body positions (Paul, Haque, and Chakraborty 2013).  Motion-based techniques, on the 

other hand, are based on a key assumption that the target’s motion features are unique enough to 

be recognized.  However, these methods rely on the learning of predefined movements, and are 

restricted to recognize a moving human.  Texture-based methods overcame this limitation and 

provide an improved detection quality as well as a better accuracy in human classification.  

As a texture-based technique, Papageorgiou and Poggio (2000) presented a polynomial 

support vector machine (SVM) using Haar wavelets as human descriptors, and later, extended it 

to multiple classifiers trained to detect human parts.  However, this method is computationally 

complex and wavelet descriptors are not as good in performance as HOG (Dalal and Triggs 

2005) descriptors for classification.  HOG applies a high-dimensional vector of features on edges 

of the image.  Dalal and Triggs (2005) considered linear SVM, as a collection of supervised 

learning models library for human detection.  According to Enzweiler and Gavrila (2009), 

locally normalized HOG significantly outperforms other feature sets including wavelets, and the 

combination of HOG and linear-SVM has a significant advantage over other state-of-the-art 

systems for human detection onboard a vehicle, when the image resolution is high enough.  

As a result, the HOG-based algorithm in (Dalal and Triggs 2005) is adopted in this 

dissertation, where it is customized by changing a number of parameters to improve the human 

detection performance considering our specific environment, and to run the algorithm in real-

time onboard UGVs.  The rationale is that, HOG can provide high accuracy human detection, 

though at a relatively high computational cost; hence, it is challenging to operate on the UGV’s 

onboard computer with limited computational resources, in real-time.  After retrieving the HOG 

descriptor, the algorithm applies a linear SVM for human classification, where its coefficients 



31 
	

are extracted from a trained classifier in open source computer vision library (OpenCV) for 

detecting people.  Depending on the environmental conditions and the camera’s resolution, in 

this dissertation, we altered the window size, the classifier function, and block stride, according 

to the training data set.  

 

2.2 Target Geo-localization 

In order to track a detected target, whose location is unknown a priori, UVs need the real-

time world coordinates of the target (as opposed to its image location, which is the output of the 

detection algorithm), so that they can use it in making a further decision (i.e. path planning) 

based on a unified reference coordinate system.  

According to Trucco and Verri (1998), there are two main approaches toward geo-

localization: 1) stereovision, in which the target location is extracted from its image coordinates 

in multiple cameras, and 2) monocular vision, in which the target position is computed from its 

image location in a single camera, mostly through the camera calibration.  The stereovision is not 

applicable to our problem, since in this dissertation, only one UAV is considered in each team of 

UVs, to provide the low fidelity big picture of the crowd movements.  Therefore, we do not have 

access to multiple views of the same target from multiple cameras (onboard UAVs).  It is noted 

that we can neither combine the image coordinates from a UAV and a UGV in a stereovision 

setup, since their fidelities for crowd and individuals’ detection are different.  Therefore, we only 

consider the case of monocular vision for target geo-localization in this dissertation, using the 

UVs’ onboard cameras.  The monocular transformation of the image position into its geo-

location requires either camera position and orientation (i.e. pose), or several landmarks 

locations, where the latter are mainly detected via their unique identifiers.  
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2.2.1 Geo-localization from Aerial Camera by UAV 

A number of papers (Cliff et al. 2015, Wang et al. 2014) have studied target localization, 

from a stationary aerial vehicle, with a low altitude and low velocity.  However, those methods 

are not applicable in our case, due to high complexity and lower stability while flying, associated 

with UAVs.  Based on our assumptions, the UAV can only provide low-fidelity detection of the 

moving crowds.  Moreover, the onboard computational resources of the UAV are limited due to 

its payload restrictions. 

In the case of non-stationary aerial vehicles, Redding et al. (2006) discussed a method to 

find the geo-location of a ground-based stationary target, using a recursive least square filter.  

They used a transformation matrix, which represented a rotation, followed by a translation, to 

project the pixel coordinates frame into the camera frame.  However, the 3-D geographic 

location of the UAV, as well as the camera orientation should be determined accurately in 

advance, and hence, add to the problem complexity.  In a similar work, Barber et al. (2006) 

proposed an improved method to estimate the GPS location of a ground-based object being 

imaged from a fixed-wing miniature air vehicle.  However, the least localization error reported 

by (Barber et al. 2006), is still high and their method requires the camera’s angel as well as its 

pose for target localization, and hence, adds to the sources of estimation error.  Later, a real-time 

method was proposed by Sohn et al. (2008) to calculate the 3-D location of a fixed target 

detected using a two-degrees-of-freedom gimbaled camera and a GPS receiver onboard a fixed-

wing UAV.  Their main approach was triangulation; however, their method suffers from a bias in 

target localization, since the Euler angles are inferred from GPS velocity, rather than being 

measured directly.  
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In general, the geometric camera calibration requires estimation of 11 unknown intrinsic 

and extrinsic camera parameters.  Moreover, for geo-localizing the target based on the camera 

pose as in currently available methods (e.g. (Redding et al. 2006, Barber et al. 2006)), the 3-D 

position (i.e. latitude, longitude, and altitude) of the UAV should be considered based on global 

positioning system (GPS).  However, by using this approach to estimate the location, both lateral 

and vertical positioning errors of the UAV’s GPS receivers will contribute to the sources of error 

for target geo-localization. Hence, landmark-based geo-localization is considered as a less 

complex alternative to this process for a real-time application, in this dissertation. 

In the monocular vision literature, landmarks have been widely used in applications such 

as navigation or robot self-localization.  In the well-known, state-of-the-art pose from 

orthography and scaling with iterations (POSIT) algorithm, Dementhon and Davis (1995) used at 

least four non-coplanar points on any object of interest with their relative geometry assumed 

known, in order to find the pose of the object.  They also made use of camera’s intrinsic 

parameters to find the perspective scaling of the known object.  However, if the relative 

geometry of non-coplanar landmarks on the object is not known, the algorithm will either 

converge to a bad pose or not converge at all.  In the scenario of crowd surveillance via UAVs, 

though, we face an unknown environment, in which it is not always feasible to use fixed 

landmarks with preserved relative geometry.  We need to use landmarks with known real-world 

positions, which can relocate along with the UAV’s detection range.  Thus, in this dissertation, 

we propose to transform the location of the detected target through localizing independently 

moving landmarks with unknown moving patterns.  

In the literature of pose estimation via landmarks, Martínez et al. (2011) presented a 

twofold pose estimation algorithm, in which, the pose of the robot (i.e., UAV) is computed via 
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detecting and tracking a planar pattern through the onboard camera, as well as identifying 

landmarks located on the UAV through an external camera.  The landmarks are marked by colors 

and are detected based on a model histogram.  However, these landmarks are located on the 

UAV with preserved ratio of distance, and hence, their transformation lacks flexibility.  In a 

more recent work, Farmani, Sun, and Pack (2014) proposed a sensor management technique for 

autonomous geo-localization of multiple mobile ground targets from a UAV equipped with a 

gimbaled camera.  The authors suggested that the overall estimation error improves by about 

15% when compared to their previous work (Sharma and Pack 2013), which was using a data 

fusion technique by a team of UAVs.  Yet, the least error of 10 m in their work is higher than our 

proposed method (Minaeian, Liu, and Son 2016). 

In this dissertation, we take advantage of UGVs with known 2-D geo-locations and fewer 

sources of estimation error (lateral positioning error only) as independently moving landmarks.  

Then, an efficient perspective transformation array is computed for converting the image 

location to the real-world position in real-time, since the landmarks and targets are located close 

to each other on the same plane, which is assumed to be smooth enough for an accurate 

transformation between the image and the surveillance region.  Furthermore, in the method 

proposed in this dissertation, there is no need to find the intrinsic parameters of the camera in 

advance, which will omit the camera calibration process as another source of uncertainty.  

 

2.2.2 Geo-localization from Ground-based Camera by UGV 

In order to estimate the target geo-location with respect to a ground vehicle (e.g., UGV) 

and tracking it, a number of research works (Xiao et al. 2015, Shao et al. 2013) use RGB-D 

sensors such as Microsoft Kinect, which allow capturing per-pixel depth information along with 
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the RGB images.  Despite their ease of application and popularity for indoor 3-D mapping 

(because of GPS signal loss), these cameras are not appropriate for outdoor applications, due to 

their limited detection range.  

For estimating the target’s distance from a regular camera, Mora et al. (2013) used simple 

trigonometry in a robot’s automatic gaze control application for indoor environments.  However, 

the same is not applicable to an outdoor scenario and for wider ranges.  In this dissertation, we 

propose a heuristic method based on triangulation, to estimate the 2-D geo-locations of detected 

individuals, using the UGVs camera pose (i.e. location and orientation) in an outdoor 

application.  

 

2.3 Multi-target Data Association 

Many computer vision applications such as autonomous visual surveillance and motion-

based target recognition strongly rely on information provided by a visual tracker (Li et al. 

2013), which may include single or multi-target tracking (MTT).  A typical MTT problem aims 

at estimating the number, position, velocity, or acceleration of targets of interest simultaneously, 

while providing the target tracks over frames sequence continually.  Unlike single-target 

tracking, where a target is usually detected in the first frame and then is tracked over successive 

frames, the targets in MTT can be detected and associated in every frame.  Therefore, the MTT 

problem is far more complex, where the most challenging part is data association under 

uncertainty (Khaleghi et al. 2013).  According to Bar-Shalom, Fortmann, and Cable (1990), the 

measurements (i.e. detected targets) can incorrectly relate to false positives in the detection 

process, clutter in the environment, other targets, or the sensor noise. 
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Data association problem is generally considered in three forms (Bar-Shalom, Fortmann, 

and Cable 1990): 1) measurement-to-measurement, mostly appropriate for track initiation; 2) 

measurement-to-track, mostly used for track updating; and 3) track-to-track, commonly used for 

track fusion.  The two latter groups of approaches are more recommended for track maintenance, 

especially when the probability of false positive is high and target localization techniques are not 

sufficient.  However, the former approach is mostly required for initiating the target tracks, 

where reliable target detection and geo-localization methods are available, which is the case in 

this dissertation.  Hence, the focus of this section is on the methods for associating the newly 

detected targets (i.e. measurements) to previous measurements (or tracks) at each time stamp.  

Multi-target data association problem may impose a major challenge to the real-time 

requirements of visual surveillance applications.  This problem is generally considered as a 

combinatorial optimization.  Specially, if complex affinity models are used for data association, 

the problem quickly becomes NP-hard, and hence, very compute-intensive for real-time 

processing.  According to Zamir, Dehghan, and Shah (2012), an ideal solution to the data 

association problem is not yet provided, due to the complexity of the corresponding optimization 

and variety of scene scenarios.  Hence, approximation methods are usually used in the literature 

to find an acceptable and near optimal solution; while computational complexity (i.e. efficiency) 

and solution accuracy (i.e. effectiveness) are still challenging. 

According to Kuo, Huang, and Nevatia (2010), there are two main streams in detection-

based data association methods: one considers only past and current frames to make association 

decisions, by using detection responses to guide the tracker, while the other takes information 

from future frames as well.  Since online tracking is concerned in this dissertation, we only 

consider the related works from the former category of data association.  It is noted that 
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detection-based data association has been addressed in the literature with limiting assumptions 

such as manual initialization of tracks and/or a fixed, known number of targets.  

Three main approaches are considered for data association in the literature: 1) GNN, 

which assigns the most likely measurements to existing measurements/tracks; 2) joint 

probabilistic data association (JPDA), which updates a track by a weighted sum of all valid 

measurements in its gating area; and 3) multiple hypotheses tracking (MHT), which forms 

alternative data association hypotheses in the case of ambiguities. 

For real-time visual surveillance, GNN would be more appropriate as a robust, optimal, 

and simple technique for data association (Lim et al. 2010).  However, the classic motion-based 

GNN approach is only reliable in scenarios, where the targets are well-spaced, the measurement 

is accurate, and the false positive rate is low (Wang, Jing, and Hu 2008).  Cai, de Freitas, and 

Little (2006) applied a GNN algorithm in assigning new detections to the existing tracks for the 

proposal distribution in particle filters and for the evaluation of the likelihood function.  

Generally, the measurements can be assigned to tracks in a globally optimal way, if proper 

estimation of segmentation and shape of the targets exist.  However, in (Cai, de Freitas, and 

Little 2006), the data association problem was handled locally and in an implicit manner, as part 

of the particle filter, so it could not come up with an explicit shape model of the targets.  More 

recently, Collins (2012) proposed an iterative approximate solution to the MTT under general 

cost functions by providing a feasible solution at every step, which is guaranteed to converge to a 

local minimum.  However, none of these approaches use targets’ appearance cues, and the 

targets are represented solely by their 2-D image locations or spatial distances, which may cause 

problems (e.g. false positive detections and ID-switches) for complex scenes with many targets 

and cluttered background. 
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Recently many researchers have considered appearance information as strong cues to 

solve the data association problem.  In a group of network-flow-based approaches, both simple 

dissimilarity metric between appearance features as a global constraint (Zhang, Li, and Nevatia 

2008), and offline-trained appearance models (Shitrit et al. 2011) have been presented.  

However, both methods have limitations in dynamically modeling the complex appearance 

changes.  Several other works (Zhang et al. 2013, Zhang et al. 2014, Xiang, Alahi, and Savarese 

2015, Bae and Yoon 2014) have focused on making online models of appearance using a sliding 

window approach for a more effective affinity computation.  In (Liu et al. 2008) an adaptive 

updating of the targets models was applied to overcome the appearance changes in the 

association algorithm.  For the similarity score in associating multi-targets data, they used the 

normalized color histogram for modeling the target and then compared the candidates with the 

original target via this measure.  However, they did not consider the motion model nor the 

detected target proximity as an extrinsic similarity score in their analysis, which may cause a 

problem in tracking multiple similar targets (e.g. in a crowd).  

On the other hand, few latest versions of the popular MHT approach are boosted with the 

addition of appearance cues based on the detection results (Kim et al. 2015, Ying, Xu, and Guo 

2012, Manafifard, Ebadi, and Moghaddam 2017).  Although the MHT algorithm has been 

designed and used mostly for radar target tracking systems, it was recently revisited for visual 

tracking in (Kim et al. 2015).  The online appearance models for each track hypothesis were 

learned via regularized least squares method.  The success of MHT depends in general on the 

ability to maintain a list of potential hypotheses; however, they also delayed the decision making 

and propagated the hypotheses into the future, which makes the method unsuitable for online 
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tracking applications.  In general, higher effectiveness of these methods comes at increased 

computational complexity. 

The above discussion shows the importance of proper selection of affinity function for an 

optimal data association in the online application of visual surveillance.  In various scenarios, 

different types of features may provide better information for data association, while including 

and updating all these features at the same time may add to the complexity of the problem.  

Therefore, the type and contribution of these features should be chosen wisely, depending on the 

scenario.  Moreover, the assignment algorithm needs to be reformulated to efficiently account for 

dynamic changes in number, type, appearance, and motion of the targets as well as the number of 

frames.  Considering all these challenges, in this dissertation we propose a method which 

dynamically adjusts the affinity function to use the most discriminative features (e.g. appearance 

or motion information) for data association based on the DDDAS concept.  Furthermore, the 

multi-dimensional assignment problem formulation is modified for an efficient and effective 

solution based on such dynamicity.  
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CHAPTER 3 

3 CONCLUSIONS AND FUTURE WORKS 

3.1 Summary of Research Work 

In this dissertation, we have designed, developed, and evaluated an effective, yet efficient 

dynamic data-driven visual surveillance system for human crowd control, to be used by the 

cooperative unmanned vehicles (i.e. UAV and UGVs).  The main modules and algorithms 

designed and developed for this purpose, include: 1) a target detection module, featuring a new 

moving targets detection method based on sliding window with dynamically adjusted detection 

interval, to be used by the moving camera onboard the UAV; 2) a target recognition module, 

featuring a customized human classification method based on histogram-of-oriented-gradients, to 

be used by the onboard camera of UGV; 3) a target geo-localization module, featuring a new 

location estimation method based on moving landmarks, to be used by the UAV for estimating 

the geo-location of detected moving targets, as well as a heuristic method based on triangulation 

and camera calibration, to be used via the UGV for geo-locating the detected individuals; and 4) 

a multi-target data association module, featuring a new global nearest neighbor method with 

dynamically adjusted affinity score based on the changing dispersion of the detected targets over 

successive frames, to be used by UVs.  The DDDAS paradigm has also been considered for all 

the modules to provide effectiveness and efficiency for the proposed vision-based system.   

In this regard, the first objective of this dissertation was achieved through developing a 

new method for detecting multiple independently moving targets from a monocular moving 

camera onboard UAV in a robust manner.  A sliding-window framework is proposed, where at 

each time frame, the keypoints are extracted and tracked onto the next two frames considering a 

detection interval ∆𝑡.  These frames are then registered through perspective transformation onto 
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the original frame.  Finally, a local motion history function is applied after post processing 

operations, to separate the independently moving targets (i.e. crowds).  To provide accuracy and 

speed in the proposed moving target detection algorithm, the key parameter of detection interval 

is adjusted dynamically based on different camera setups (in terms of altitude, speed, and view 

angle).  Moreover, by developing a customized target recognition method for classifying the 

human crowds under the higher fidelity assumption via UGVs to cooperate with UAV at a lower 

fidelity, a more effective and efficient configuration is considered.   

The second objective was accomplished via developing a comprehensive geo-localization 

method for a cooperative team of one UAV and at least four UGVs.   In the proposed method, 

the UGVs are considered as moving landmarks for a perspective transformation to convert the 

image locations of the detected targets into their real-world geographic coordinates with lower 

estimation uncertainty.  Considering the challenges of moving landmarks being detected by the 

UAV’s motion detection algorithm (as moving targets), an assignment problem is solved at every 

detection interval for the efficient assignment of motion-detected blobs to their corresponding 

color-detected landmarks.  A heuristic method for target geo-localization based on triangulation 

is also proposed to be used by the UGVs.  Furthermore, an agent-based simulation model is 

developed to conduct experiments, for demonstrating and validating the integrated detection and 

geo-localization framework.  In order to achieve the effectiveness under dynamic data, analytical 

studies on the system performance is performed and guidelines to adjust the key parameters (e.g., 

flight altitude, number of landmarks, and landmark assignment method) based on scenario are 

provided.  The proposed method is also efficient in the way that it does not need the camera 

calibration in advance or stereovision of multiple cameras. 
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Finally, to complete the third and last objective of this dissertation, a new data-driven 

method based on dynamically adjusted affinity score and a revisited GNN framework was 

developed for association of multiple targets, detected by the previous modules.  The proposed 

affinity score is a weighted sum function of location and appearance features, where the initial 

weight of location is set to 1 (i.e. weight of appearance is zero) for efficiency, and at every set of 

new measurements, its value is updated based on a novel normalized discriminative metric, for 

improved effectiveness.  This designed metric summarizes the frame entropy to describe the new 

dataset (i.e. measurements) dispersion in terms of coordinates (i.e. location) and color histogram 

(i.e. appearance), which affects the affinity weight setting.  Moreover, the data association gating 

threshold is applied in two ways, through pruning the hierarchical clusters of measurements for 

estimating the normalized discriminative metric, and through adjusting the real-dummy targets 

similarity scores in the affinity function towards finding the optimal solution of K dimensional 

assignment (i.e. over K frames).  To achieve higher efficiency for online visual surveillance, the 

data association interval is set to a value greater than 1 frame, while preserving the high data 

association accuracy.  Moreover, considering the K-dimensional setting of the proposed data 

association, tracklets of length K are generated by the algorithm to be used by further 

surveillance tasks (e.g. targets tracking) and hence, the accumulated errors will be limited to the 

K frames, due to the recursive data association assumption.  The proposed algorithm can 

accurately associate any type of detected targets via UAVs or UGVs.  

In order to demonstrate and validate the proposed visual surveillance system, aerial and 

ground video sequences from the UVs, as well as simulation models are developed for running 

experiments.  Moreover, related publically available datasets are examined for evaluating the 

performance of the developed modules.  For each module, a number of relevant key performance 
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metrics are also considered for quantitative analyses purposes.  The experimental results on both 

developed videos and literature datasets on a variety of scenarios and camera setups reveal the 

effectiveness and efficiency of the proposed methods and their promising performance in the 

considered crowd surveillance application.  More specifically, the effectiveness is verified 

through comparisons with ground-truth data as well as state-of-the-art methods, while reporting 

the achieved performance in terms of common performance metrics.  Whenever applicable, 

sensitivity analysis studies have also been provided for optimal setting of the key parameters, 

while the method’s efficiency is demonstrated by run-time evaluation.  More details on 

experimental setting and reported results for each module can be found in appendices. 

In conclusion, this dissertation has provided an effective and efficient platform consisting 

of a dynamic data-driven framework for visual surveillance using UVs.  We believe this platform 

as well as the novelties proposed within the vision-based modules can be used towards other 

applications (e.g. intelligent transportation systems), with some modifications.  This research 

work has made significant contributions in the following areas: 1) detection of multiple moving 

targets from a moving camera, 2) geo-localization of targets in an unknown environment from a 

moving vehicle, and 3) effective data association of multiple targets in an online application.  

They are summarized in the following section.  

 

3.2 Contributions of the Research Work 

In addressing the specific problems and challenges we faced in developing a visual 

surveillance system, and to fulfill the objectives defined in Chapter 1, the following contributions 

have been made to the related research society: 
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•  This is a first work on proposing effective and efficient computer vision algorithms 

by dynamically adjusting their key parameters based on the DDDAS paradigm. 

• This is the first time that a collaborative human detection module using different 

fidelities from multiple cameras is proposed.  In this dissertation, we took advantage 

of UAV’s camera for low fidelity moving target detection and then the collaborative 

UGVs were used for higher fidelity human classification. 

• This is the first work on integrating spatiotemporal differencing with local motion 

history over a sliding window framework, to segment multiple moving targets.  The 

detection interval is adjusted based on a rule-of-thumb to address different scenarios. 

• This is the first work on proposing a new geo-localization approach based on moving 

landmark detection (here, UGVs) and plane perspective transformation, instead of 

fixed landmarks with a preserved relative geometry. 

• This is the first time that a multi-target data association approach based on 

dynamically adjusted affinity score is proposed to address a variety of scenarios in an 

effective and efficient manner. 

• This is the first work on proposing a normalized discriminative metric based on the 

estimated entropy of the scenario for rule-based affinity score adjustment in data 

association. 

 

3.3 Future Research Directions  

While this dissertation has presented significant efforts towards designing and developing 

new computer vision algorithms towards an effective and efficient system for crowd surveillance 

via cooperative UVs, there are additional research opportunities to be considered.   



45 
	

The methodological aspect of the research described in this dissertation can be extended 

in two directions.  First, in our proposed framework we used simulation models in generating 

ground-truth data for evaluating the geo-localization algorithm based on moving landmarks.  

However, by developing a complete integrated testbed, using numerous UGVs, real-world 

experiments can be conducted for system validation.  Through the real-world experiments, 

additional sensitivity analyses can also be implemented to study the effects of hardware 

limitations (e.g. GPS error) as well as environmental conditions (i.e. wind) on the final results 

generated by the proposed method.  Moreover, due to operational limitations of UGVs in crowd 

surveillance and border patrol scenarios, more stable and applicable agents can substitute the 

unmanned ground vehicles.  It is also noted that to create an integrated testbed using real and 

simulated agents under DDDAS and considering the computational and communicational 

latencies, synchronization of the algorithms and models are very important to improve the 

processing methods.  

 Second, in our proposed framework we considered multiple targets detection, 

recognition, geo-localization, and association as the four major tasks in visual surveillance 

mission via unmanned vehicles.  However, increasing the capability of the UVs requires extra 

functional modules (e.g. simultaneous mapping and localization) as well as algorithmic 

enhancements of existing modules (e.g. data fusion from multiple cameras and sensors).  

In addition to the methodological aspect, applications of this research can be also 

extended.  In this work, we considered only the visual surveillance of human crowds for border 

patrol application and, therefore, utilized the terrain elevation from GIS for validating the 

proposed geo-localization algorithm.  However, the surveillance mission of UVs is not limited to 

the border area.  There is a variety of applications of UVs for performing surveillance missions 
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in urban areas as well as other practices such as mapping, traffic control, and automated 

agriculture, for which other types of sensors (e.g. seismic, thermal, radar, and mobile-phone 

embedded sensors), data acquiring methods, and processing modules can be considered. 
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Abstract 

Unmanned vehicles (UVs) play a key role in autonomous surveillance scenarios. A major 

task needed by these UVs in undertaking autonomous patrol missions is to detect the targets and 

find their locations in real-time. In this paper, a new vision-based target detection and 

localization system is presented to make use of different capabilities of UVs as a cooperative 

team. The scenario considered in this paper is a team of an unmanned aerial vehicle (UAV) and 

multiple unmanned ground vehicles (UGVs) tracking and controlling crowds on a border area. A 

customized motion detection algorithm is applied to follow the crowd from the moving camera 

mounted on the UAV. Due to UAVs lower resolution and broader detection range, UGVs with 

higher resolution and fidelity are used as the individual human detectors, as well as moving 

landmarks to localize the detected crowds with unknown independently moving patterns at each 

time point. The UAVs localization algorithm, proposed in this paper, then converts the crowds’ 

image locations into their real-world positions, using perspective transformation. A rule-of-

thumb localization method by a UGV is also presented, which estimates the geographic locations 

of the detected individuals. Moreover, an agent-based simulation model is developed for system 

verification, with different parameters, such as flight altitude, number of landmarks, and 

landmark assignment method. The performance measure considered in this paper is the average 

Euclidean distance between the estimated locations and simulated geographic waypoints of the 

crowd. Experimental results demonstrate the effectiveness of the proposed framework for 

autonomous surveillance by UVs. 

 

Index Terms: Algorithms, automation cooperative systems, geographic information systems 

(GISs), position measurement 
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I. INTRODUCTION 

Unmanned vehicles (UVs) are proper substitutions for the human in some dangerous, 

dull, dirty, or impossible applications [1]. Nowadays, different types of UVs, including 

unmanned aerial vehicles (UAVs) as well as unmanned ground vehicles (UGVs), are used for 

surveillance, crowd control, border patrol, firefighting, agriculture, navigation, and search and 

rescue purposes. The user may plan the mission remotely, or the control can take place onboard 

via sensors and actuators, depending on the level of the vehicles’ autonomy [2]. In most 

autonomous cases, the first functional step is to detect the targets through some sensors and to 

identify their real locations in order to implement further operations. According to [3], visual 

sensors are the most common sensors for target detection in surveillance applications, due to 

their low cost and vast variety of analysis methods. For this type of applications, which is the 

field of focus in this paper, vision-based human detection methods are generally divided into two 

submodules: 1) motion detection, whose goal is to detect targets in motion and 2) classification, 

which categorizes the detected target into human classes based on some known features [4]. 

In this paper, we have further developed our previous optical-flow-based motion 

detection algorithm in [5], for low fidelity outdoor crowd detection via a UAV, due to the 

promising performance of optical flow in terms of accuracy and cost. However, considering the 

low-resolution images from the UAV, the classification would be more challenging. Therefore, 

we propose to utilize higher resolution visual sensors of a UGV in a closer distance and with a 

horizontal field of view toward the targets, for high fidelity human classification. In this paper, 

histogram of oriented gradients (HOG), with a dominant performance at intermediate to higher 

resolution images, is applied to detect individuals from the UGV camera. Hence, UAVs and 
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UGVs can contribute to enhance the surveillance effectiveness, in terms of crowd detection and 

localization. 

In order to track a detected target, whose location is unknown a priori, UVs need the real-

time world coordinates of the target (as opposed to its image location, which is the output of the 

detection algorithm), so that they can predict its future location and plan their routes for the 

consecutive time stamps, accordingly [6]. The transformation of the image position into real-

world location requires either camera position and orientation, or several landmarks locations, 

where the latter are mainly detected via their unique identifiers. In order to localize the target 

based on the UAV camera pose (i.e., its position and orientation [7]), the 3-D position (latitude, 

longitude, and altitude) of the UAV should be considered based on global positioning system 

(GPS). However, by using this approach to solve the localization problem, both lateral and 

vertical positioning errors of the GPS receivers will contribute to the sources of error for target’s 

location estimation. Hence, we take advantage of UGVs with known 2-D geographic locations 

(with lateral positioning error only) as independently moving landmarks. Then, an efficient 

perspective transformation array is computed for converting the image location to the real-world 

position in real-time, considering the fact that the landmarks (i.e., UGVs) and target (i.e., crowd) 

are located close to each other on the same plane, which is assumed to be smooth enough for an 

accurate transformation between the two planes (i.e., the image and the surveillance region). The 

experiments conducted in this paper reveal that such assumption is fairly realistic. 

 In this paper, we have considered a collaborative team of a UAV and multiple UGVs, 

equipped with visual sensors (i.e., cameras), to control crowds of people in a border area of 

Tucson, Arizona. The authors aim at proposing an effective vision-based surveillance framework 

by cooperative UVs. Based on UAVs’ and UGVs’ different capabilities and goals, we have 
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customized and further developed various detection and classification approaches at different 

fidelities, for two layers of crowd detection in real-time. In particular, for the target’s real-world 

localization, a new approach based on moving landmark detection and plane perspective 

transformation is presented. This approach is proposed for the first time in this paper to the best 

of our knowledge. Moreover, we have presented a heuristic method for localization of the 

detected individuals in outdoor environments, through UGV regular camera. Fig. 1 depicts the 

general framework and UAV-UGVs team organization that is proposed in this paper. 

 

 

Fig. 1. General framework for detection and localization using a UAV and at least four UGVs, serving as 

moving landmarks for crowd localization. 

 

The rest of this paper is organized as follows. Section II reviews the related literature in 

two different topics: 1) crowd detection and 2) localization. Section III presents the details of the 
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two crowd-detection algorithms (as localization prerequisites) applied via UAV and UGVs. 

Section IV discusses the proposed localization algorithm via UAV based on moving landmarks 

in detail. Moreover, a rule-of-thumb for localization via UGVs is also included in this section. 

The testbed setting and experimental results are discussed in Section V, which show the 

effectiveness of the proposed work, and Section VI concludes this paper and suggests future 

work ideas.  

 

II. BACKGROUND AND RELATED WORK 

Applying computer vision methods on the UAV/UGV field have been continuously 

improved in recent years to process captured image sequences and videos from the environment 

to produce numerical or symbolic information in forms of decisions. A number of research 

papers (see [8]–[10]) have studied the problem of autonomous deployment and formation control 

of cooperative UAVs or UAVs-UGVs teams through visual sensors in surveillance or search and 

rescue applications. The theme of localization in these studies mostly refers to robot’s visual 

localization, to compensate lack of accurate positioning systems. Furthermore, UAVs GPS data 

is usually used to localize other cooperative UVs. However, in this paper, computer vision 

methods are applied to detect, identify, and accurately geo-localize unknown targets of interest 

(here, crowds) through cooperative UGVs with known geographic positions, in order to reduce 

the sources of localization error and increase robustness. 

 

A. Related Work on the Crowd Detection 

According to [11], detection techniques mainly aim at tracking features, appearance, or 

motion, among which, we use motion-based techniques for detecting the moving crowd. In [4], 
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motion detection methods are conventionally categorized as: 1) background subtraction; 2) 

spatio-temporal filtering; and 3) optical flow. Background subtraction tries to segment the 

moving foreground by considering the difference of the current frame compared to a reference. 

However, this technique is more effective when using a static or pan-tilt-zoom camera (e.g., in 

[12]). Spatio-temporal filtering technique characterizes the motion pattern of the moving object 

throughout the frame sequence; but it is more sensitive to noise and variations in the movement 

pattern. Optical-flow-based techniques, however, consider the relative movements between an 

observer and the scene, and hence are more robust to simultaneous motions of both camera and 

target. Optical flow is also suggested as the most popular analysis technique for motion detection 

using the camera mounted on UAVs [13]. This inspired us to consider optical-flow-based motion 

detection by the UAV in this paper. 

After detecting the moving targets by the UAV, one further step for classification of 

human versus nonhuman crowds is needed, for which, we use UGVs with closer distances to the 

targets. Paul et al. [4] discussed that a moving object could be classified based on its shape, 

motion characteristics, or texture. Shape-based methods use pattern recognition approach which 

is not robust enough, due to various body positions [4]. Motion-based techniques, on the other 

hand, are based on a key assumption that the target’s motion features are unique enough to be 

recognized. However, these methods rely on the learning of predefined movements, and are 

restricted to recognize a moving human. Texture-based methods overcame this limitation and 

provide an improved detection quality as well as a better accuracy in human classification. As a 

well-known texture-based technique, HOG applies a high-dimensional vector of features on 

edges of the image. Then it uses the support vector machine (SVM) as a collection of supervised 

learning models library for data analysis, to classify the object. According to [14], HOG/linear-
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SVM has a significant advantage over other state-of-the-art systems for human detection onboard 

a vehicle, when the image resolution is high enough. Since the UGVs have a higher resolution 

upright view of the crowd, we customized and applied the HOG algorithm for human detection 

with a relatively high fidelity, which also provides us with the image positions of detected 

individuals. 

 

B. Related Work on the Localization 

The accurate location of a target (crowd, in this paper) is needed for tracking, restoring, 

and future processing. According to [15], there are two main approaches toward localization: 1) 

stereovision, in which the target location is extracted from its image coordinates in multiple 

cameras and 2) monocular vision, in which the target position is computed from its image 

location in a single camera, mostly through the camera calibration. The stereovision is not 

applicable to our problem, since we consider one UAV in each team of UVs to provide the low 

fidelity big picture of the crowd movements and hence, we do not have access to multiple views 

of the same target from multiple cameras (UAVs in this paper). Note that we can neither 

combine the image coordinates from a UAV and a UGV in a stereovision setup, since their 

fidelities for crowd and individuals detection are different. Therefore, we only consider the case 

of monocular vision-based localization in this paper, using the UVs onboard camera. 

A number of papers (see [16], [17]) have studied target localization, from a stationary 

aerial vehicle, with a low altitude and low velocity. However, those methods are not applicable 

in our case, due to high complexity and lower stability while flying, associated with UAVs. 

Based on our assumptions, the UAV can only provide low fidelity detection of the moving 
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crowds. Moreover, the onboard computational resources of the UAV are limited due to its 

payload restrictions. 

In the case of nonstationary aerial vehicles, Redding et al. [18] discussed a method to find 

the geolocation of a ground-based stationary target, using a recursive least square filter. 

However, the 3-D geographic location of the UAV, as well as the camera orientation should be 

determined accurately in advance, and hence, add to the problem complexity. In general, the 

geometric camera calibration requires estimation of 11 unknown intrinsic and extrinsic camera 

parameters and hence, we have considered landmark-based localization as a less complex 

alternative to this process for a real-time application. 

In the monocular vision literature, landmarks have been widely used in applications such 

as navigation or robot self-localization. In [19], a twofold pose estimation algorithm is proposed 

in which, the authors compute the pose of the robot (i.e., UAV) via detecting and tracking a 

planar pattern through the onboard camera, as well as identifying landmarks located on the UAV 

through an external camera. However, their transformation lacks flexibility due to the 

assumption of preserved ratio of distance between fixed landmarks. In the well-known pose from 

orthography and scaling with iterations (POSIT) algorithm, Dementhon and Davis [7] used at 

least four non-coplanar points on any object of interest with their relative geometry assumed 

known, in order to find the pose of the object. They also made use of camera’s intrinsic 

parameters to find the perspective scaling of the known object. However, if the relative geometry 

of non-coplanar landmarks on the object is not known, the algorithm will either converge to a 

bad pose or not converge at all. In the scenario of crowd surveillance via UAVs, though, we face 

an unknown environment, in which it is not always feasible to use fixed landmarks with 

preserved relative geometry. We need to use landmarks with known real-world positions, which 
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can relocate along with the UAV detection range. Thus, in this paper we propose to transform the 

location of the detected target through localizing independently moving landmarks with 

unknown moving patterns. 

Another challenge we faced in this paper was to assign appropriate moving landmarks 

with aforementioned characteristics. In our border patrol scenario, the individuals in the crowd 

are not detected via a UAV, due to its low fidelity setup and thus, we cannot consider their body 

parts (with known relative geometry) as landmarks. Therefore, we opted to consider UGVs as 

moving landmarks in this paper, for a more robust transformation and to use their location based 

on geographic information system (GIS), instead of the UAV’s (i.e., camera’s) geographic 

location. The reason is that in the latter case, we need the exact altitude of the UAV as well as its 

latitude and longitude, which will lead to greater estimation error. Furthermore, in our proposed 

method there is no need to find the intrinsic parameters of the camera in advance, which will 

omit the camera calibration process (with eleven unknown parameters) as another source of 

uncertainty. Table I summarizes the main characteristics and assumptions of this paper, 

compared to the POSIT method. 

 

 

 

In order to estimate the target’s position with respect to a ground vehicle (e.g., UGV) and 

tracking it, a number of research works (see [20], [21]) use RGB-D sensors such as Microsoft 
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Kinect, which allow capturing per-pixel depth information along with the RGB images. In spite 

of their ease of application and popularity for indoor 3-D mapping (because of GPS signal loss), 

these cameras are not appropriate for outdoor applications, due to their limited detection range. 

For estimating the target’s distance from the regular camera, Mora et al. [22] used simple 

trigonometry in a robot’s automatic gaze control application for indoor environments. In this 

paper, we propose a heuristic method to estimate the 2-D geographic locations of detected 

individuals, based on UGVs camera pose in our outdoor application. 

 

III. TARGET DETECTION: THE PREREQUISITES 

In order to detect the moving target (i.e., crowd), we have applied two different methods 

for UAVs and UGVs. UAVs usually have a wide detection range, fast coverage of the search 

area, and low resolution, whereas UGVs have better resolution for detection purpose, though 

narrower and obscured detection range, and a slower coverage rate [23]. This motivates us to use 

cooperative teams of UAVs and UGVs in a synergetic manner. For this purpose, we use a motion 

detection algorithm based on the optical flow for the UAV with slower background motion and a 

human detection algorithm based on the HOG for UGVs with a higher resolution and a portrait 

image of targets. In addition, we have used OpenCV as an open-source computer vision library 

in order to efficiently develop our detection algorithms to operate in real-time. This section 

discusses these two algorithms in detail. 

 

A. Optical-Flow-Based Motion Detection for UAV 

In this paper, we have further developed our motion detection algorithm presented in [5] 

to detect crowds of different sizes and movement speeds in real-time. Every detection interval 
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(which can be set to every frame, depending on the computational resources), the algorithm first 

extracts some keypoints, which have good features to be tracked over subsequent image series. 

In this paper, the keypoints are assigned using the GoodFeaturesToTrack (GFTT) method [24], 

which is invariant to rotation and spatial movement. GFTT sorts the pixels with two large 

eigenvalues of the autocorrelation matrix, and then chooses a number of pixels as keypoints, for 

which, their smaller eigenvalue is higher than a threshold. Hence, these pixels are more likely to 

represent a corner. The aforementioned threshold is determined based on the image resolution 

and the illumination (i.e., the contrast), so that the smaller eigenvalues are sufficiently large to 

compensate for noise. A method to set upper bound and lower bound on this threshold is 

discussed in detail in [24]. 

In order to match these keypoints across successive frames based on their displacement, 

we apply the sparse optical flow concept and solve the tracking problem using the pyramidal  

Lucas–Kanade (PLK) algorithm. The tracking problem is an over-constrained system of 

equations on a neighborhood of each detected GFTT keypoint, and needs to be solved for the 

velocity vector of that keypoint across subsequent frames. The final solution is then formulated 

as  

 

 V'
V(

=
𝐼'+
,

- 𝐼'+𝐼(+-

𝐼'+𝐼(+- 𝐼(+
,

-

./ 𝐼'+𝐼0+-

𝐼(+𝐼0+-
 , (1) 

 

where at each time frame, V' and V(	are vertical and horizontal pixel’s velocity elements for the 

keypoint, respectively; 𝐼'+ and 𝐼(+ are the spatial derivatives across the current frame along the 

image vertical (u) and horizontal (v) axes for pixel i in the keypoint’s neighborhood, and 𝐼0+ is the 

time derivative between the two frames for the same pixel i. 
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After matching the keypoints and finding their displacements in current frame, the 

algorithm affine-transforms the two successive frames and maps the current frame into the 

previous one as outlined in [5]. Hence, the camera movements will be compensated and 

background can be removed. Next, the moving foreground can be segmented using absolute 

differencing. Due to the assumption of UAVs lower fidelity, detecting the crowd as one target 

(instead of individuals) is a challenging task. In this paper, a local motion history function tracks 

general movements of each segmented blob as one unified crowd. The parameters we set for 

crowd detection are the upper bound and lower bound on target’s velocity vector (as the result of 

PLK) and the blob size (as the result of motion segmentation) as functions of UAV flight 

altitude. Finally, we determine the size of each detected blob (crowd in this paper) to set a 

bounding box around it. In this way, each moving target will be visually detected and tracked via 

the UAV. The target’s image location is then extracted and can be reported to the localization 

module either as the center of blob or as the four corners of its bounding box (representing the 

crowd size). We opt to use the blob’s center in Section V, for convenience and without loss of 

generality. 

 

B. HOG-Based Human Detection for UGV 

The motion detection algorithm, described in Section III-A is not appropriate to be used 

with the UGVs in this paper. Although the UAV has a fast coverage of the search area, once a 

target (i.e., crowd) is detected, it hovers above the designated area due to its broader detection 

range, until the moving crowd leaves the area. However, the UGVs are continuously moving in 

searching and tracking the individuals in the crowd, though at different speeds depending on the 

status (searching versus tracking). Therefore, the relative motion of the background is faster in 



68 
	

UGVs’ video stream, and as a consequence, differentiating between the moving crowd and a 

fast-moving background is computationally more complex. The motion segmentation is hence a 

challenging task. Moreover, the UGVs resolution is higher for individuals’ detection, while its 

detection range is narrower and can only observe those individuals on the crowd’s boundary who 

are not occluded by others. Therefore, we need to assign multiple UGVs to collaborate with the 

UAV in classifying human crowd versus nonhuman group of objects. 

In this paper, we use an HOG-based detection module for the UGVs as described in [5]. 

However, we changed a number of parameters (e.g., the window size and the block stride) as 

outlined below to improve the human detection performance considering our specific 

environment, and to run the algorithm in real-time onboard UGVs. The reason is that, HOG can 

provide high accuracy human detection, though at a relatively high computational cost; hence, it 

cannot operate on the UGV onboard computer with limited computational resources, in real-

time. 

After retrieving the HOG descriptor, the algorithm applies a linear SVM for human 

classification, where its coefficients are extracted from an OpenCV trained classifier for 

detecting people. Depending on the environmental conditions and the camera’s resolution, in this 

paper we altered the window size, the classifier function, and block stride according to the 

training data set. The modified values for these parameters are set based on a series of 

experiments on the UGVs onboard computer with online video stream to find the best 

combination for a more accurate, real-time human detection. Note that these parameters should 

be altered depending on application and the level of adequate accuracy. For instance, while 

reducing the window size, the computational complexity reduces and the algorithm runs faster, 

though at the cost of missing some targets’ detection. So, the block stride should be modified 
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accordingly to compensate the degraded accuracy. Once the targets are detected, the algorithm 

sets a bounding box around each individual and a scale computation is applied on them to extract 

the image location of their feet. These coordinates are then passed into a function for computing 

target’s real-world location, as described in Section IV-C. 

As mentioned earlier, each UGV detects a number of individuals in the crowd’s 

boundary. After estimating their real-world locations, these coordinates should be averaged in 

order for the UGV to predict the crowd’s next location. 

 

IV. TARGET LOCALIZATION: THE PROPOSED METHOD 

After detecting the targets (crowd/individuals in this paper), we need to find the real-

world coordinates of them in order to estimate their locations in the next time stamp for UVs’ 

path planning purpose. 

As noted in Section II-B, we conduct a landmark-based localization of the detected 

targets in real-time without the need to calibrate the camera in advance or stereovision of 

multiple cameras. The main assumption we consider in this paper is the weak perspective 

approximation, in which the plane containing the crowd and UGVs (i.e., Earth) is far enough 

away from the UAV camera that can be considered parallel to the image plane and any internal 

depth differences between the objects on it can be disregarded; so, landmarks and targets are at 

the same distance from the camera. 

In order to transform the image location of the crowd to its real-world location, we need 

at least four coplanar, non-collinear points with known geographic and image positions, as 

landmarks. In this paper, we propose a new approach to find transformation matrix between the 

two planes based on moving landmarks identified, to cope with the localization problem when 
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the camera is moving. An emerging challenge when using moving landmarks over static (i.e., 

fixed) landmarks for localization is that in the latter case, once the landmarks are identified, there 

is no need to recompute the transformation matrix; however, in the former case, all the 

computations (e.g., landmarks assignment and transformation estimation) should be repeated 

every time the landmarks move and hence, adds more complexity. To solve this problem, we use 

the cooperation between UVs for sending path-planning data to save some computations. In this 

setting, the UAV and UGV share their planned waypoints for the next tracking interval (the 

details can be found in [6]). Therefore, once the assignment problem in (2) is solved at the 

beginning of each interval (∆𝑡), the real-world and image locations of each landmark are coupled 

and we use continuity to discard the need to solve assignment problem for the rest of the time 

interval. This will also reduce the risk of missing GPS data from the UGVs, since the proposed 

localization algorithm uses the UGVs’ planned waypoints as the landmarks’ real-world 

coordinates during the tracking interval. 

The main contributions of the proposed work compared to the available literature on the 

subject (e.g., POSIT) are as follows. 

1) We consider independently moving landmarks instead of the static ones with known 

relative geometry.  

2) We take advantage of the known geographic locations of UGVs (i.e., landmarks) as part 

of our testbed, instead of computing a scale factor for projection. 

3) We estimate the real-time location of the targets at each frame from a single camera, 

compared to stereovision. 
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4) The camera calibration for finding the camera position and orientation is not needed, 

since we use the perspective transformation between two planes at every detection 

interval. 

The methods for landmark assignment and location transformation via UAV are 

discussed in Sections IV-A and IV-B, and then a rule-of-thumb localization method via UGV is 

presented in Section IV-C. 

 

A. Landmark Assignment by UAV 

The landmark identification is an important task in our proposed localization framework. 

Since the testbed we are using for surveillance purpose contains UGVs for contributory detection 

and classification of moving targets, we make use of them as moving landmarks. The real-world 

locations of these landmarks are, then, provided by the GPS sensors mounted on them. To find 

their image locations, though, computer vision and assignment algorithms are needed as 

discussed below. 

 

1) Vision-Based Landmark Detection: Considering our testbed, two major properties are 

required for the landmarks: 1) to be detectable robustly in different illuminations and distances 

and 2) to be uniquely identifiable. These characteristics suggest that we use color as the 

landmark identifier, considering its unique properties. We applied labels of unique colors on the 

UGVs and trained a color detection algorithm to detect those landmarks based on their unique 

range of hue-saturation-value (HSV) in the image sequence from the UAV camera. To this end, 

the algorithm applies thresholds on the video frames and segments the blobs of unique colors 

(those of landmarks) based on the defined HSVs. Once detected, the image locations of the 
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centers of these landmarks are extracted to compute the perspective transformation. Considering 

the fact that there are eight unknown elements for transformation matrix, we need at least four 

coplanar non-collinear landmarks, each generating two equations, to estimate the transformation 

matrix (see Section IV-B for further details). The co-planarity property is assured by considering 

our major assumption of relatively constant terrain elevation (due to the weak perspective 

approximation); so that, the UGVs and crowd are all assumed on the same plane. In this paper, 

though, we run experiments using four to six UGVs to reduce the risk of landmarks collinearity 

and study the effect of number of landmarks on localization accuracy. The movement of the 

landmarks (i.e., UGVs) pose another challenge for their real-time localization, which we tried to 

address by discarding camera calibration at each time step and use the UGVs’ planned waypoints 

at each tracking interval, hence, proposing a robust perspective transformation that eliminates the 

need for iterations in order to compute scaled orthographic projection as in POSIT. 

 

2) Moving Landmarks and Targets Differentiation: As pointed out earlier in this section, 

one major challenge in our proposed scenario is that UGVs may move in the UAV detection 

range, and this may result in being detected as moving blobs by the UAV detection algorithm. In 

order to address this challenge, we introduced an assignment problem and solved it at every 

tracking interval (∆𝑡) for the best assignment of motion-detected blobs to their corresponding 

color-detected landmarks, if any. Hence, the moving landmarks can be discriminated from the 

moving targets. The rationale to formulate this problem as an optimization model derives from  

the need to minimize the total error of substituting the color-detected coordinates with the 

corresponding motion-detected coordinates for landmarks. This error is a function of distances 
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between moving blobs and colored landmarks. The proposed assignment problem is 

mathematically modeled as  

 

 min 𝐷-6𝑧-68
69/

:
-9/  

 𝑠. 𝑡.		 𝑧-68
69/ = 1						∀𝑖 = 1,… , 𝑛 

 𝑧-6:
-9/ ≤ 1						∀𝑗 = 1,… ,𝑚 

 𝐷-6𝑧-6 ≤ 𝜀										∀𝑖, 𝑗 

 𝑧-6 ∈ 0,1 									∀𝑖, 𝑗 (2) 

 

where 𝐷-6  is the Euclidean distance between ith color-detected and jth motion-detected blobs’ 

coordinates on image, 𝑧-6  is a binary decision variable which indicates whether the motion-

detected coordinates for blob j corresponds to the color-detected coordinates for landmark i (i.e. 

𝑧-6 = 1) or not (i.e. 𝑧-6 = 0), n and m are the numbers of color-detected landmarks and motion-

detected moving blobs, respectively, and 𝜀 is a threshold on the acceptable Euclidean distance. 

In (2), the third constraint ensures that for each i, 𝑧-6 = 1  only if 𝐷-6  is less than a 

threshold, which means the ith color-detected landmark (UGV) is also detected as a moving blob 

by the UAV. This depends on the motion detection performance and the parameters set to reduce 

the probability of detecting UGVs as moving targets (see Section III-A). The pseudo code of the 

heuristic method to solve the proposed assignment problem is outlined as below. 

1) Initiate matrix n m´D at each time stamp (i.e. tracking interval) and set a threshold 

parameter 𝜀 

2) ∀𝑖	 𝑖 = 1,… , 𝑛  initiate a sufficiently large value 𝑚𝑖𝑛𝑉 and an index k(= 0). 
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3) ∀𝑗	 𝑗 = 1,… ,𝑚  compute 𝐷-6 as the Euclidean distance between ith color-detected and jth 

motion-detected blobs. 

4) Compare 𝐷-6  with 𝑚𝑖𝑛𝑉  and 𝜀 ; update 𝑚𝑖𝑛𝑉  (with 𝐷-6 ) and k (with j) only if 𝐷-6 ≤

min 𝑚𝑖𝑛𝑉, 𝜀 . 

5) If 𝑗 < 𝑚, increment j by one and go back to step 3. 

6) If 𝑘 < 0 update the image coordinates for color-detected landmark i (i.e., 𝑢-, 𝑣-) with the 

motion-detected position of blob k; otherwise keep the same color-detected coordinates. 

7) Remove k column from matrix 𝐃, only if 𝑘 > 0. 

8) If 𝑖 < 𝑛, increment i by one and go back to step 2. 

 

B. Finding Real-World Location by UAV 

Considering the image of the UGVs and the detected crowd from the UAV camera, we 

can set a perspective transformation matrix to compute the real-world location of the targets. The 

real-time localization algorithm we proposed in this paper, implements the following generic 

steps. 

1) Extracting landmarks’ real-world geographic locations (using GPS). 

2) Finding the image locations of landmarks (applying color detection as outlined in Section 

IV-A1). 

3) Extracting the image locations of targets (using the motion detection as outlined in 

Section III-A and solving the assignment problem as discussed in Section IV-A2).  

4) Estimating the elements of transformation matrix between the two planes, using a system 

of equations [as in (7)]. 
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5) Converting the image locations of the targets to their real-world geographic locations, 

using the computed transformation matrix [as in (12)]. 

This part presents the details of the last two steps. To estimate the transformation matrix, 

assume the unknown 2-D GIS location (longitude and latitude) of landmark 𝑖	 𝑖 = 1,… , 𝑛  at 

time t is noted as 𝑥-(𝑡), 𝑦-(𝑡)  and its reported image location through the UAV camera at the 

same time is 𝑢-(𝑡), 𝑣-(𝑡) . Then, the equation in (3) applies for each of these landmarks 

 

 𝑈- 𝑡 , 𝑉- 𝑡 ,𝑊- 𝑡 S = 𝐌 𝑥 𝑡 , 𝑦- 𝑡 , 1 S (3) 

 

where 𝐌  is the perspective transformation matrix, 𝑥 𝑡 , 𝑦- 𝑡 , 1 S  is the homogeneous 

coordinates of the landmark i at time t, and 𝑈- 𝑡 , 𝑉- 𝑡 ,𝑊- 𝑡
S

 are computed as the 

homogeneous image coordinates at frame t through the following equations. 

 

 𝑢- 𝑡 = 𝑈- 𝑡 𝑊- 𝑡 ,								𝑣- 𝑡 = 𝑉- 𝑡 𝑊- 𝑡 . (4) 

 

In this paper, the train elevation change in the UAV detection range is assumed 0, so that 

𝑧-(𝑡) (the third dimension of coordinates) for all the landmarks as well as crowd at all time (i.e., 

frames) is set to a constant (here, 0). The perspective transformation between the two planes (i.e., 

image and Earth) preserves the cross-ratio of the landmarks, and hence, we can rewrite 𝑢-(𝑡) and 

𝑣-(𝑡) as 

 

 𝑢- 𝑡 =
𝑎𝑥𝑖(𝑡)+𝑏𝑦𝑖(𝑡)+𝑟
𝑝𝑥𝑖(𝑡)+𝑞𝑦𝑖(𝑡)+1

,								𝑣- 𝑡 =
𝑐𝑥𝑖(𝑡)+𝑑𝑦𝑖(𝑡)+𝑠
𝑝𝑥𝑖(𝑡)+𝑞𝑦𝑖(𝑡)+1

 (5) 
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where a, b, c, d, p, q, r, and s are elements of the three-by-three perspective transformation 

matrix 𝐌 at time t which can be defined as 

 

 𝐌 =
𝑎 𝑏 𝑟
𝑐 𝑑 𝑠
𝑝 𝑞 1

. (6) 

 

Here, r and s mainly serve for translation and the other parameters are applied for the 

linear transformation part. In order to estimate these eight unknown parameters at each frame t, 

we need to set up at least eight linearly independent equations. Since each of the landmarks 

provides us with two equations, at least four non-collinear landmarks on the same plane are 

required. If the number of landmarks is n, then we can rearrange matrix 𝐌 in a vector format 

𝐦 = 𝑎, 𝑏, 𝑟, 𝑐, 𝑑, 𝑠, 𝑝, 𝑞 S, so that (7) is the system of equations with eight unknowns in this 

problem 
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The solution to this 𝐀𝐦 = 𝐤 system is obtainable at each frame as follows, depending on 

the number of landmarks. 

1) If the number of landmarks is less than four (𝑛 < 4), the system of equations would be 

underdetermined and hence, it has either no solution or infinitely many solutions. 
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2) If the number of landmarks is exactly four (𝑛 = 4), there could be an exact solution to the 

system of linear equations, which can be easily computed as 

 
 𝐦 = 𝐀./𝐤 (8) 

 
3) If the number of landmarks is greater than four (𝑛 > 4), we can use homogeneous least 

squares method, where 𝐦 is obtained through 

 
 𝐦 = 𝐀S𝐀 ./𝐀S𝐤. (9) 

 

However, considering the numerical nature of the proposed problem and the rank of 

matrix 𝐀 (i.e., 8) in this system of equations, using the inverse method would not be appropriate. 

The reason is that computing the matrix determinant would be very expensive, specifically when 

the matrix is near singular, and hence by applying (8) or (9) for solving the system, the result will 

not be very stable numerically. Therefore, we apply the Gaussian elimination with row 

operations and back substitution as a less expensive and more robust approach in our proposed 

algorithm to get the best solution. A heuristic applied in this algorithm is that, we first switch the 

rows of 𝐀 (or 𝐀S𝐀) matrix, so that none of the elements on its main diagonal would be 0. This 

helps to get a consistent and reliable solution to 𝐀𝐦 = 𝐤 (or 𝐀S𝐀𝐦 = 𝐀S𝐤) system of equations. 

Knowing elements of transformation matrix 𝐌 at time t, we can transform the image 

location of any detected target at that video frame to its real-world location on the same plane as 

landmarks. Considering (𝑥d 𝑡 , 𝑦′(𝑡)) as the notation for unknown real-world geographic (GIS-

based) location of a detected crowd at frame t, we can convert its image location (𝑢d 𝑡 , 𝑣′(𝑡)) to 

the homogeneous coordinates. The resulting perspective transformation with the homogeneous 

coordinates would be as 
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 𝑢d 𝑡 𝑊d 𝑡 , 𝑣d 𝑡 𝑊d 𝑡 , 𝑊d 𝑡 S = 𝐌 𝑥d 𝑡 , 𝑦d 𝑡 , 1 S (10) 

 

where constant 𝑊d 𝑡  could be any arbitrary number due to homogeneity. Here we consider 

𝑊d 𝑡  as in (11) for consistency and simplicity of the solution steps. Again, using homogeneous 

matrix inverse, the unknown GIS location of the target at time t is obtainable as (12) 

 

 𝑊d 𝑡 = 1
M 3,1
−1 𝑢′ 𝑡 +M 3,2

−1 𝑣′ 𝑡 +1
 (11) 

 𝑥d 𝑡 , 𝑦d 𝑡 , 1 S = 𝐌./ 𝑢d 𝑡 𝑊d 𝑡 , 𝑣d 𝑡 𝑊d 𝑡 ,𝑊d 𝑡 S. (12) 

 

The output of (12) would be estimated longitude (𝑥d 𝑡 ) and latitude (𝑦d 𝑡 ) of the 

detected target (i.e., crowd) as the first and second elements of the solution vector. Since these 

computations are not very expensive, they can be implemented in real-time on a frame-by-frame 

basis (except for computations discussed in Section IV-A2), and hence, UAV detects the real-

world locations of the targets to plan its path for tracking the crowd. The resulted locations will 

also be sent to the UGVs, so that they can use it in their path planning for next tracking interval, 

which is covered in detail in [6]. The performance of the proposed localization algorithm will be 

discussed in detail in the next section. 

 

C. Finding Real-World Location by UGV 

Since both the UGVs and the detected individuals are located on the same plane, and the 

average size of the targets (here, adult human) can be presumed known, we use triangle 

similarity for a pinhole camera model to get a good estimation of target’s distance to the UGV 
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camera. However, we need to first calibrate the camera for finding its real focal length 𝑓 in terms 

of pixels, asking a human of height 𝐻 stands in front of the camera at a known distance 𝐷 and 

measuring its pixel-wise size in the image, ℎ . The camera’s calibrated focal length is then 

computed as 

 

 𝑓 = 𝐷 ℎ
𝐻 . (13) 

 

Now, knowing the camera’s calibrated focal length (𝑓) and assuming the average height 

of adult human 𝐻, estimation of target j’s distance to the UGV camera (𝐷6) would be trivial, 

considering its image size (ℎ6) as an output of the HOG-based detection, in pixels. 

In this paper, we have equipped the UGV with a GPS sensor, which embraces an 

electronic compass; hence, estimating the target j’s geographical location based on 𝐷6 is 

straightforward. Assume the pose of the UGV camera as (Longo, Lato, 𝜃o), where the first two 

arguments are the UGV longitude and latitude, and the third element is the camera orientation 

(i.e., its lens angle with respect to the North Pole), reported by the GPS. Then, the geographic 

location of the jth target (Long6, Lat6) would be estimated as 

 

 Long6, Lat6 = Longo + 𝐷6 sin 𝜃6 , Lato + 𝐷6 cos 𝜃6  (14) 

 

where 𝜃6 is the modified orientation of target j and is computed as 𝜃o + 𝛼6. For the jth target, 𝛼6 

is estimated as (15), based on the horizontal deviation of the target j’s detected center from the 

image center (denoted as dev6). Depending on the position of jth detected target with respect to 
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the image center, dev6 may take positive values (to the right of the image center) or negative 

values (to the left of the image center). 

 

 𝛼6 = tan./ dev6 𝑓 . (15) 

 

Fig. 2 illustrates the relationships between the key parameters mentioned in this section. 

Note that 𝐷6 in (14) should be converted to decimal degrees beforehand, in order to conform to 

the longitude and latitude measures. Hence, it is divided by a factor K, which is a constant value 

(111 320 m) for the latitude argument; however, this value decreases accordingly for the 

longitude argument, as we move from the Equator to the North Pole. 

 

 

Fig. 2. Illustration of the relationships between key parameters of localization method for UGV. 

 

V. TESTBED AND EXPERIMENTS 

The real testbed to run experiments in this paper includes a custom-build quadcopter as 

the UAV, and a 1/16-scale remote control car as a UGV, which are presented in [6] in more 

detail. These UVs are equipped with onboard sensors (e.g., GPS and camera) as well as powerful 
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computers for real-time processing of the proposed vision-based detection and localization 

algorithms. The UAV onboard camera is also equipped with a Gimbal stabilization system for a 

smoother video stream and to minimize the motion detection errors. 

Moreover, we have developed an agent-based simulation model for designing experiment 

scenarios, considering the high cost and technical limitations in building numerous UGVs for a 

sole-hardware-based real testbed. The simulation platform used in this paper is Repast 

Simphony, an open-source Java-based platform (http://repast.sourceforge.net/repast_simphony.php), 

which obtains the GIS data (longitude, latitude, and altitude) from NASA World Wind package. 

This feature helps us verify the targets’ estimated locations as results of localization algorithm, 

knowing their simulated geographic coordinates. 

In order to test the detection algorithms, we set a series of experiments, including two 

crowds moving under different scenarios (e.g., joining, splitting, and randomly moving) with a 

UAV and a UGV following them at the same time. The captured videos are then processed using 

the two computer vision algorithms discussed in Section III (i.e., motion detection for UAV and 

human detection for UGV), in which the moving crowd/individuals are detected and represented 

by a bounding box around them. Fig. 3 shows two snapshots of applying UAV detection 

algorithm on an indoor scenario where two crowds of different sizes and with different 

movement velocities join together. As shown in the figure, the dimensions of the bounding boxes 

change over time with respect to the crowds’ dynamics. Note that the detection parameters 

discussed in Section III-A are set so that the UGV is not detected as a moving target, despite its 

moving status. Moreover, to evaluate the performance of the proposed motion detection 

algorithm in the daylight conditions, we performed a low-altitude flight test with the UAV, for 

which the results are shown in Fig. 4. 
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Fig. 3. Snapshots of UAV detection results when two groups of people are joining together from	𝑡/(left) to 𝑡, 

(right). (a) Final detection results with different bounding boxes considering different crowd’s dynamics. (b) 

Silhouette images after segmentation for the same time stamps, showing the UGV movement. 

 

 

Fig. 4. Two snapshots of UAV detection results on a test flight outdoor. Since the flight altitude is low, the 

moving individuals are detected as targets. 
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Finally, to illustrate the cooperation between the UVs, two snapshots of the results in two 

different time stamps from UAV camera and the corresponding snapshots from the UGV 

viewpoint are displayed in Fig. 5. As expected, the UAV detects those parts of the crowd moving 

together at the same speed in Fig. 5(a), as one unified target. However, in Fig. 5(b) the UGV 

tends to detect every non-occluded individual, as a separate target. It is notable that the UGV 

camera only captures one of the crowds for the first time-stamp [see Fig. 5(b), left image], due to 

its limited detection range [which is depicted in Fig. 5(a) for illustrative purposes]. Although the 

HOG algorithm is more sensitive to obstacles and its detection performance in covering the 

individuals in crowd’s boundary is not always 100% (due to occlusion), it does not influence the 

system-level localization performance. The reason is that the UGV only needs the rough location 

of the crowd’s center for path planning. The more exact crowd location is the output of the UAV 

global view localization. 

 

 

Fig. 5. Detection results for a scenario of two moving crowds. (a) Detected crowds by UAV at two different 

time stamps including UGV projected detection range. (b) Detected individuals by UGV at two time stamps. 
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In this paper, an agent-based simulation model is used for testing the localization 

algorithm, as mentioned earlier. It is because that: 1) less time and cost are needed for running 

simulation-based experiments compared to the real testbed in a border area and 2) it is 

convenient to verify estimated locations and run experiments with changing parameters. In the 

proposed simulation model, the UGVs and individuals in crowd act as independent types of 

agents to move along a simulated border area of Tucson, Arizona [see Fig. 6 (a)]. 

 

 

Fig. 6. Snapshots of (a) agent-based simulation for localizing the detected targets on the border area of Tucson, 

Arizona and (b) detection/localization algorithm runtime, using the agent-based simulation data as an input. 

The bounding boxes are the results of motion detection algorithm, while the blobs with a “+” on their center, 

represent the color detection results for landmarks. 
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In this model, the randomly moving UGVs report their longitude and latitude at each time 

point (tracking interval) to the detection and localization system embedded in the UAV. Then, 

based on these data, the UAV controller estimates the perspective transformation matrix. Finally, 

using the image positions of the detected targets (i.e., crowds) as an output of the motion 

detection algorithm [see Fig. 6(b)], the crowds’ real-world geographic locations in longitude and 

latitude decimal degrees are estimated. As shown in Fig. 6(b), although the moving UGVs are 

detected by the UAV motion detection algorithm, they are not reported as moving targets after 

applying the landmark differentiation method, described in Section IV-A2. 

A series of experiments have been conducted using the simulation model. In these 

experiments, the values for the following parameters have been altered in order to evaluate their 

effects on the system performance. 

1) The flight altitude. 

2) The crowd’s movement velocity. 

3) The number of landmarks (i.e., UGVs). 

4) The landmark assignment method (image coordinates). 

We also changed the UGVs’ initial locations and movement path to generate randomness 

in the experiments. The main performance measure in this paper is the average Euclidean 

distance error between the crowd’s real GIS locations based on the simulation, and its estimated 

GIS coordinates as the output of detection and localization system for a series of simulated video 

frames. In general, the lower is the average error, the better the system performance will be. In 

this paper, we consider any localization error in the order of 3.5 m or less, as a desirable 

precision, since most of the high quality GPS receivers can provide a horizontal positioning 
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accuracy of 3.5 m at a 95% confidence level, according to Federal Aviation Administration 

(FAA) real-world data [25]. 

To study the effects of flight altitude on the localization results, a number of experiments 

are performed with different simulated altitude values. The above mean sea level (AMSL) terrain 

elevation at our designated border area is about 1300 m on average; thus, we considered a 

maximum of 1500 m AMSL [approximately 200 m above ground level (AGL)] flight altitude in 

our experiment setting and decreased it step by step to comply with FAA regulations on public 

unmanned aircraft systems. Fig. 7 shows the comparison of localization results for 200 m AGL 

flight altitude (the maximum value allowed) versus 50 m AGL altitude (the minimum value to 

get a reasonably wide detection range). In this scenario the crowds are moving at the speed of 

(2e-5, 2e-5) decimal degrees per simulation time unit [equivalent to (2.22, 2.22) m per time-unit, 

which is rational for human walking speed]. As shown in the error charts, the localization 

performance is significantly improved as the altitude decreases; hence, the 3.1e-5 decimal 

degrees average Euclidean distance error (≈3.5 m) for 200 m scale reduces to 1.2e-5 decimal 

degrees average error (≈1.3 m) for 50 m, showing about 63% improvement in performance. This 

improvement is mainly due to increased resolution of the video at 50 m, and hence, a better 

performance of the motion detection algorithm in extracting moving targets’ image locations. 

Moreover, in a closer distance, the same region of interest in the image represents a smaller area 

of the real world, which results in a more compact bounding box around the moving blob (i.e., 

crowd). Hence, the image location of the moving crowd’s center would be more accurate. The 

achieved results are satisfactory, since in the real testbed, the flight altitude would be lower to 

comply with the quadcopter design requirements and we can expect even more improvements. 
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Fig. 7. Comparison of localization results using 200 and 50 m as UAV flight altitude, with respect to the 

simulation output at each time point. Based on (a) crowd’s movement path over a frame sequence and (b) 

Euclidean distance error with the simulated locations. 

 

The number of landmarks (i.e., UGVs) is also considered as another effective parameter. 

To test the effect of this parameter, we run another set of experiments, in which, the speed of 

crowd’s movements is a random variable with uniform distribution of U(1e − 5, 3e − 5) decimal 

degrees per simulation-time-unit (equivalent to U(1.11, 3.34) m per time unit). Fig. 8 shows a 

graph of localization results comparison for using six landmarks versus four landmarks at 50 m 

flight altitude. In this set of experiments, the UGV agents start to move toward each other at a 

higher speed initially (to get closer to the detected crowd, as in a real scenario) and hence, the 

motion-detection error to extract their image locations is higher at the beginning. After time t = 
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15 when they are in a less distance toward the crowd, their movement speed reduces, 

subsequently.  

 

 

Fig. 8. Comparison of localization results using four landmarks versus six landmarks, with respect to the 

simulation output at each time point. Based on (a) crowd’s movement path over a frame sequence and (b) 

Euclidean distance error with the simulated locations. 

 

As mentioned earlier in Section IV-B, estimating the transformation matrix using four 

landmarks is expected to provide us with an exact solution, while using six landmarks reduces 

the sources of error. This expectation is met in our conducted experiments: In the first part of the 

experiment (up to t = 15) the six landmarks setting provides a better estimation, because it can 

compensate the miss-detection of landmarks’ image locations; whereas, in the final part, the four 

landmarks setting is dominant. Using six landmarks, the average error for localization is 2.49 m, 
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while it reduces to 2.24 m (equivalent to 10% improvement) for four landmarks. However, the 

improvements are not significant enough and using six landmarks can be beneficial to assure 

noncollinearity. Hence, we set the color detection parameters so that the UAV can switch to use 

more landmarks whenever the detection performance is low, to account for a portion of detection 

error. This may include situations where there are more than four UGVs in the UAVs detection 

range and their average speed pass a threshold. 

As another set of experiments, we compared the performance of the localization 

algorithm considering the landmarks’ image coordinates, based on two approaches mentioned in 

Section IV-A2: 1) the centers of color-detected blobs and 2) the centers of the corresponding 

motion-detected blobs, after solving the assignment problem. Moreover, we repeated the same 

experiments with sets of four and six landmarks to compare the algorithm performance for 

different alternatives. Fig. 9 depicts the Euclidean distance error trend for four possible 

combinations of these parameters. As shown in Fig. 9(a), the motion-based landmark detection 

outperforms the color-based landmark detection significantly. Furthermore, the alternative of 

motion-based detection for four landmarks, tend to perform better in target localization in long-

term run; however, the same approach with six landmarks have a better performance at the initial 

periods, as mentioned before. The main source of performance difference between the four 

landmarks and six landmarks motion-based approaches is the motion-detection error. Therefore, 

both the color-based approaches using four and six landmarks show rather similar performance 

(similar pattern and magnitude for error) when detecting landmarks based on their colors only. 
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Fig. 9. Comparison of localization Euclidean distance error, considering four sets of alternatives: color-based 

assignment of four landmarks, color-based assignment of six landmarks, motion-based assignment of four 

landmarks, and motion-based assignment of six landmarks. Based on (a) frame sequence error and (b) error 

mean and variance. 

 

Fig. 9(b) visualizes a quantitative comparison of the system performances in terms of 

average Euclidean distance errors and data randomness (i.e., error variance) at 50 m flight 

altitude for the set of four proposed alternatives, which supports our previous argument. As 

shown in this figure, the motion-based landmarks assignment significantly outperforms the 

color-based approach and the four landmarks motion-based approach provide the best overall 

performance (the lowest average Euclidean distance) in the long-run. Moreover, the error 

variance of the motion-based approach is higher than that of the color-based approach due to 

influence of the motion-detection variation in localization. Table II provides a comparison of the 

accuracy of target localization algorithm proposed in this paper, versus a number of related 

research papers in the literature. 
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VI. CONCLUSION 

In this paper, a comprehensive vision-based crowd detection and GIS localization 

algorithm for a cooperative team of one UAV and a number of UGVs is proposed. In our novel 

localization method, the UGVs (with their real-world geographic positions known via GPS) are 

considered as moving landmarks for a perspective transformation in order to convert the image 

locations of the detected targets into their GIS coordinates. A heuristic method for target 

localization by UGV is also proposed. Furthermore, a testbed consists of real UVs and an agent-

based simulation model is developed to conduct experiments. We altered the key parameters of 

the system (e.g., flight altitude, number of landmarks, and landmark assignment method) and 

studied their impacts on the system-level performance. Experimental results revealed the 

effectiveness of the motion detection algorithm for UAV, the human detection algorithm for 

UGV, and the real-world localization using the simulated UGVs as moving landmark. Future 

studies will be conducted to complete the testbed and use real UGVs as numerous moving 

landmarks and run further experiments to verify the detection/localization performance. As a 

future work, we also plan to improve the motion detection module and enhance the landmark 

assignment method for a more robust localization. As another potential research area, a complete 
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framework for data fusion between cooperative UVs will be studied, in which the sensory data 

required for target localization is obtained from the UV platform that provides the most accurate 

one, considering its historical data. 
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Abstract 

Accurate and fast detection of the moving targets from a moving camera is an important 

yet challenging problem, especially when the computational resources are limited. In this paper, 

we propose an effective, efficient, and robust method to accurately detect and segment multiple 

independently moving foreground targets from a video sequence taken by a monocular moving 

camera (e.g. onboard an unmanned aerial vehicle (UAV)). Our proposed method advances the 

existing methods in a number of ways, where: 1) camera motion is estimated through tracking 

background keypoints using pyramidal Lucas-Kanade at every detection interval, for efficiency; 

2) foreground segmentation is applied by integrating a local motion history function with spatio-

temporal differencing over a sliding window for detecting multiple moving targets, while the 

perspective Homography is used at image registration for effectiveness; and 3) the detection 

interval is adjusted dynamically based on a rule-of-thumb technique and considering camera 

setup parameters for robustness. The proposed method has been tested on a variety of scenarios 

using UAV camera, as well as publically available datasets. Based on the reported results and 

through comparison with the existing methods, the accuracy of the proposed method in detecting 

multiple moving targets as well as its capability for real-time implementation has been 

successfully demonstrated. Our method is also robustly applicable to ground-level cameras for 

the ITS applications, as confirmed by the experimental results. More specifically, the proposed 

method shows promising performance compared to the literature in terms of quantitative metrics, 

while the run-time measures are significantly improved for real-time implementation. 

 

Index Terms: Effectiveness, Image motion analysis, Object detection, Robustness, Unmanned 

aerial vehicles. 
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I. INTRODUCTION 

The first functional step in most autonomous systems (e.g. visual surveillance and 

intelligent transportation) is to detect the events/targets through sensors (mostly cameras), so that 

proper decisions can be made for the actuators, accordingly [1]. Furthermore, cameras are 

increasingly adopted onboard unmanned aerial vehicles (UAVs), autonomous vehicles, and other 

types of intelligent agents, which require making accurate and real-time decisions. Hence, it is 

vital to design and develop effective, yet efficient computer vision algorithms for robust 

operations in dynamic scenes. In particular, moving object detection via UAV for the application 

of crowd control could be a very challenging problem due to the onboard moving camera with 

various orientations. This causes the background motion and thus, may lead to high miss-

detection rates. This problem is considered ill-posed with respect to the unknown surveillance 

environment (due to the freely moving UAVs) and possible variations in appearance and motion 

of the targets (e.g. human groups). Although several scholarly works in the literature have 

addressed motion detection from videos captured by a hand-held camera, the existing methods 

are either too complex [2, 3], or cannot accurately segment the independently moving foreground 

from moving background in a robust manner [4-6]; hence, they lack adequate accuracy and 

speed to be applied with a monocular camera in an online application. Moreover, due to the 

unknown prior model of the background and dynamic appearances of the targets in the 

considered application, popular deep learning methods, such as faster region-based convolutional 

neural networks (Faster R-CNN) or region proposal network (RPN) [7, 8], which are mostly 

being used for recognition of known targets, are not applicable to the unknown moving targets 

segmentation via UAV. It is noted that in general, deep learning methods feature high 
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computational costs and mostly focus on single image detection and recognition [9], which is not 

feasible for UAVs with limited onboard computational resources. 

Considering such challenges, the main goal of this paper is to propose an effective and 

efficient foreground segmentation method for detection of independently moving targets to be 

used via a UAV’s moving camera for fast and reliable decision-making (e.g. for autonomous 

surveillance of human crowds as in [10]). The proposed method is intended to advance the 

existing literature in three ways, where: 1) Background motion estimation (in absence of a prior 

model) is done using pyramidal version of optical flow method for tracking extracted 

background keypoints at every ∆𝑡 frames (detection interval); 2) Foreground segmentation is 

done through integrating spatio-temporal differencing and local motion history  techniques over 

a sliding window of frames (with gap ∆𝑡 ), registered via a perspective transformation (i.e. 

Homography) for reducing the image registration error and also differentiating multiple moving 

targets; and 3) The detection interval as a key parameter can be adjusted based on UAV’s 

altitude and speed for robust real-time performance. 

As a result, the independently moving foreground blobs can be segmented accurately in 

near real-time, while the method is robust to changes in the view angle and movement velocity. 

To test and demonstrate the proposed method, experimental studies have been conducted 

involving a variety of scenarios using UAV videos for crowd control application, as well as 

available datasets in the literature for autonomous surveillance and other domains such as 

intelligent transportation systems (ITS). The reason is that, although this work is mainly 

proposed for visual surveillance by UAVs, it can be easily adopted to ITS, which highly rely on 

accurate vehicle detection and improved situation awareness techniques to provide required data 

of traffic counting, speed monitoring, presence detection, and vehicle classification. It is also 
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noted that the focus of visual surveillance application in this work is on scenarios with low to 

medium density crowd scenes, where the approximate ratio of foreground to background regions 

in a frame is less than one. Alternative methods, such as Anchor-based group detection [11] have 

been presented in the literature to be used for highly crowded scenarios. 

The rest of this work is organized as followed: Section II provides reviews of the related 

literature on moving object detection from moving camera and discusses research gap and 

limitations of the existing methods. The innovation and contribution of this work is elaborated in 

this section as well. Section III describes the proposed method for detection of independently 

moving targets from the moving camera, in detail. The experimental results on a series of 

captured shots from a UAV, as well as available datasets are presented in Section IV, for 

demonstrating the accuracy, efficiency, and robustness of the method, while comparisons with 

other methods are considered. Finally, Section V concludes the paper and discusses the future 

research directions. 

 

II. BACKGROUND AND RELATED WORK 

Three categories of methods are traditionally considered for solving a motion detection 

problem: 1) background subtraction, which considers differences between the current frame and 

a reference background model for foreground segmentation, and is mostly applicable to a static 

or pan-tilt-zoom camera or known environment (i.e. background) [12]; 2) spatio-temporal 

filtering, which characterizes the motion pattern of the moving target over a 3D volume (x, y, t), 

but is sensitive to noise and variations in the movement pattern; and 3) optical flow, which 

considers the relative movements between an observer and the scene, and hence is robust to 

simultaneous motions of both camera and target; however, it suffers from high computational 
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complexity and thus, is not appropriate for real-time onboard processing. In this work, we face 

the challenge of segmenting multiple moving targets in an online manner using onboard sensors 

and limited computational resources. In order to separate the foreground targets with visually 

plausible boundaries, several complex separation methods are proposed, assuming that the 

camera is mostly stationary, or the background is known or can be modeled [13, 14]. However, 

only few research works have addressed the problem of multiple moving targets segmentation in 

a sequence of dynamic background images, where applying existing methods toward an onboard 

camera imposes many constraints [2-6, 10, 15-18]. 

As a background subtraction approach, structure from motion (SFM) method [2] is used 

to estimate the camera parameters, the sparse 3D points, and the depth map, via a hand-held 

camera. Although applying this method makes the resulted foreground mask and moving targets 

boundaries accurate, they are restricted to the scenes with large depth differences between 

foreground and background (hence, not robust enough). Moreover, the algorithm is too complex 

and time-consuming to be used for real-time applications, due to its iterative refinement and 

camera self-calibration. 

Spatio-temporal approach is also used for moving objects detection from moving camera, 

through motion decomposition. However, such approaches generally require accurate estimation 

of the foreground motion and hence, are not proper for detecting multiple targets. As an instance, 

pixel displacements and the sparse error matrices over image sequences were computed in [4], 

where the latter matrix accounted for the articulated motion of a moving object. However, such a 

method is mainly applicable to scenarios with quite planar background and only a single moving 

object. Moreover, it miss-classifies slowly moving objects as background, while extracts 

background parts with apparent ensemble motion as foreground, and hence, applying a simple 



102 
	

fixed ratio of threshold for foreground segmentation is neither robust, nor effective enough. To 

detect multiple moving targets, some literature works have also used transformation under 

spatio-temporal approach for segmenting the moving foreground [3, 5, 15]; however, the 

presented methods still lack required characteristics to be applied via a freely moving camera in 

real-time. More similar to the approach in this work, a state-of-the-art method for continuous 

tracking of moving targets over multiple cameras was proposed in [3]. Their motion detection 

via moving camera was based on an adaptive background model in which, the camera motion 

was estimated by an affine transformation. However, such transformation is not appropriate for a 

freely moving camera onboard a UAV, due to its lack of generality in estimating the scene 

geometry. Another limitation of such a method is the computational complexity that results from 

calculating the statistics of each single pixel over the sliding window. In more recent works [5, 

15], though, Homography is used to estimate the camera transformation and also a conditional 

random field (CRF) model is applied to obtain the moving foreground mask. Specially, [5] 

combined an ellipsoid shape for a camera projection model. However, the detected moving target 

mask was not compact enough, and their approach is limited to a camera in a forward moving 

vehicle, rather than freely moving camera onboard a UAV with different orientations. 

As the last category, recent works focused on employing particle trajectories based on 

optical flow, for moving objects detection [6, 10, 17-19]. Although optical flow is rather robust 

to concurrent motions of foreground and background, the existing classification methods 

generally lack either the speed or the accuracy required for real-time moving target detection 

onboard a UAV. As an instance, optical flow is used in [6] to extract dense particle trajectories 

for each mesh-grid pixel only in the first frame, while applying a multi-frame epipolar constraint. 

Although this constraint provided a consistent classification between moving and static objects, 
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the boundaries of moving targets were not accurate due to mislabeling of neighboring 

background pixels. Moreover, the assumption of consistent reference plane across all views is 

rather invalid, due to the camera movements. In [10], the authors used optical flow along with 

affine transformation between two successive frames for moving target detection. However, as 

mentioned before, such technique is not robust enough for moving UAV and the accurate results 

are limited to the hovering movements. In a more recent work [17], the main idea of background 

motion subtraction (BMS) method is to decompose ensemble motion into those of background 

and foreground. The algorithm first segments the coarse foreground regions and then applies an 

adaptive threshold for finer segmentation. Despite the adaptive thresholding, BMS still mixes 

objects moving at a low speed with the background, at complex scenarios. Moreover, applying 

mean-shift algorithm for optimizing the foreground segmentation is neither efficient in real-time, 

nor always accurate at boundaries. Other recent approaches toward moving object segmentation 

include the layered directed acyclic graph [20], identifying key segments [21], maximum weight 

cliques [22], or tracking many segments [23]. Although some of these methods can segment the 

video robustly, they are not designed to detect multiple independently moving objects in the 

foreground and their performance is deteriorated in the case of sudden movements by the target.. 

Considering the limitations of related literature works, the contribution of our proposed 

method for detecting independently moving targets from a moving aerial vehicle is three folds: 

1) We address algorithm efficiency by using pyramidal Lucas-Kanade (LK) tracking of 

background keypoints every ∆𝑡 frames, to estimate general background motion, without 

pixel-to-pixel estimation of camera model. 

2) We address algorithm effectiveness by integrating local motion history with spatio-

temporal approach over a sliding window with gap ∆𝑡  for segmenting multiple 
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independently moving targets, while reducing image registration error. Also, successive 

frames are warped using perspective Homography, as a more general model compared to 

the popular affine transformation. 

3) We address algorithm robustness by proposing a rule-of-thumb for adjusting the 

detection interval according to the scenario, to tackle different view-angles and 

movement velocities. 

 

III. PROPOSED METHODOLOGY 

In this section, the details of the proposed method for detecting multiple moving targets 

via a moving camera onboard UAV are discussed. As the general procedure of motion 

segmentation in presence of background movements, the first main task includes compensating 

the camera motion, and then, to subtract the moving background, so that the independently 

moving blobs in the foreground can be finally segmented. Fig. 1 shows an overview of the major 

steps of the proposed method. We will cover the first three steps (𝕊1 to 𝕊3) in Section III-A 

below, while the last two steps (𝕊4 and 𝕊5) are described in Section III-B. 

 

Fig. 1. The framework for effective, efficient, and robust detection of independently moving targets 

via a monocular moving camera. 
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A. Camera Motion Compensation 

To estimate the general motion of the camera, one possible approach (as described by 

[3]) would be to estimate the displacement of every single pixel across successive frames and 

then, to compute the affine transformation between the two images. However, such methods 

would not be efficient due to their high computational complexity. In this work, though, first a 

number of keypoints are extracted from the reference frame and then, are tracked across multiple 

frames at ∆𝑡 intervals, to increase both efficiency (due to a lower number of motion equations) 

and effectiveness (due to the use of robust features) of the motion estimation method. 

During step 𝕊1, the method extracts the current frame’s keypoints at time t, which have 

robust features to be tracked. While any robust feature extraction method can be used for this 

purpose, in this work, we adopt the good features to track (GFTT) method [24], which is 

invariant to rotation and translation, and thus, provides a reliable motion estimation. In GFTT, 

corners are characterized by two large eigenvalues for autocorrelation matrix of the second 

derivative of image 𝑰, 

 

 𝐼′', 𝐼′'𝐼′(
𝐼′'𝐼′( 𝐼′(,

 (1) 

 

where 𝐼′' and 𝐼′( are the vertical and horizontal spatial gradients of the image intensities, so that 

the matrix would be both above the image noise level and well-conditioned [24]. The keypoints 

are chosen such that their smaller eigenvalue is higher than a threshold (min 𝜆/, 𝜆, > 𝜆). This 

threshold is set according to the image resolution and illumination, in order to compensate for 

part of the noise. To this end, the lower bound on 𝜆 would be determined by a region of the 
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image with rather uniform brightness, while its upper bound is set based on a highly-textured 

region (see [24] for more detailed criteria). 

After extracting the keypoints from the current frame, we need to track (i.e. match) them 

across frames in 𝕊2.  One of the distinguishing properties of the proposed method is the use of a 

temporal sliding window of 3 frames with gap ∆𝑡  (𝑡 , 𝑡 + ∆𝑡 , and 𝑡 + 2∆𝑡 ) for background 

elimination, where the earliest captured frame (𝑡) is always used as the non-constant reference 

for transformation along this process. By using such a sliding window, we aim at compensating 

the background motion at different scales, which causes the foreground segmentation error, 

while limiting the image registration error to the few frames that are currently being processed. 

Hence, a poor image registration cannot affect the detection quality of the whole sequence. To 

this end, the extracted keypoints of frame t are tracked over two successive frames of 𝑡 + ∆𝑡 and 

𝑡 + 2∆𝑡. In this work, the parameter ∆𝑡 (in terms of number of frames in the interval) is adjusted 

dynamically, so that the proposed algorithm can detect moving targets robustly in real-time. This 

value is set based on a series of parameters such as: frame per second (fps) rate of the video 

stream (𝑅(})), UAV’s altitude (𝐴(()), algorithm computational complexity (𝑂(})), and UAV’s 

speed (𝑆(()). As a rule-of-thumb, the relationships between these parameters and the efficient 

detection interval are shown in (2) and the appropriate value for ∆𝑡 is discussed in more details 

in Section IV. 

 

 ∆𝑡 ∝ �(�)
�(�)

𝑂(})𝑅(}) (2) 

 

It is noted that using an adjustable detection interval (more than ∆𝑡 = 1) in the proposed 

framework helps to eliminate the inconsistent motion in lower camera speeds, due to slower 



107 
	

relative motion of the targets with respect to camera, and hence, makes the algorithm more 

robust. The rationale to use 3 frames for the sliding window is that, while using less number of 

frames cannot adequately reduce the image registration error, using more than 3 frames requires 

higher computational resources and hence, may not be efficient for real-time applications. On the 

other hand, since the proposed method does not consider geometric constraints for foreground 

segmentation (as the approaches in [2, 6, 25]), a sliding window of 3 frames is sufficient for 

effective moving target detection. 

In this work, we make use of the sparse optical flow concept in order to solve the 

keypoints-matching problem by the pyramidal Lucas–Kanade (PLK) algorithm [26]. This 

algorithm considers the neighborhood of each detected keypoint of frame 𝑡 and solves an over-

constrained system of equations for estimating the displacement of such keypoints across 

subsequent frames 𝑡 + ∆𝑡  and 𝑡 + 2∆𝑡 . The final solution of this system is the keypoints 

displacement vector, 

 

 
v'
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 (3) 

 

where v' and v( are vertical and horizontal displacements of the keypoint, respectively; 𝐼′'+ and 

𝐼′(+	are the spatial gradients along the vertical and horizontal axes for pixel i in the keypoint’s 

neighborhood, and 𝐼′0+  is its time-based derivative between the two frames. The details of 

parameters setting for the PLK algorithm are discussed in the authors’ previous work [10]. The 

rationale to use the pyramidal version of the algorithm is to capture larger motions by local 

window of keypoint’s neighborhood at larger scales of the Gaussian pyramid of the image, while 
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satisfying the spatial coherence assumption of the LK. Hence, PLK ensures that the three main 

assumptions of: brightness constancy, temporal persistence, and spatial coherence will not be 

violated [27]. Such assumptions are required for solving the tracking problem based on least 

square minimization. The PLK first tracks the keypoints over larger spatial scales of the image 

pyramid and then refines the initial motion velocity assumptions through its lower levels to the 

raw image pixels. Hence, it can minimize the violations of assumptions, while tracking faster and 

larger motions for robustness. 

Now that the reference frame’s keypoints are tracked over the sliding window, we may 

use these matched pairs of points for estimating and later compensating the camera motion 

between successive frames. This process is implemented through image registration in S3. To 

this end, we first need to transform (i.e. register) each frame onto the reference frame based on 

the camera motion estimation. The transformation can be performed through a variety of 

methods (e.g. affine and perspective), among which, we consider perspective transformation 

between each pair of frames, using Homography estimation. While an affine transformation can 

map a rectangle to any parallelogram, the perspective transformation is more general and 

transforms this rectangle to any trapezoid. Hence, it can register two different images as 

alternative projections of the same scene onto two different projective planes, in a robust manner. 

Fig. 2 compares the background subtraction results of applying affine transformation (as 

developed in [10, 18]) versus perspective transformation (as in this work), on an urban scene via 

a freely moving camera onboard UAV. Fig. 2(a) depicts the magnified optical flow arrows on a 

grayscale frame from a monocular moving camera (onboard UAV), while Fig 2(b) represents the 

silhouette image as the result of taking absolute differences of two successive frames. In this 

image, the subsequent frame is registered on the original frame using the affine transformation. 
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Fig. 2. The comparison of different transformation algorithms: (a) Resulted optical flow arrows; (b) 

Background subtraction via affine transformation, as in [10]; (b) Background subtraction via perspective 

transformation, in this work. 

 

As shown in Fig. 2(b), there is a huge amount of the background segmented by error as 

foreground (the white edges in silhouetted image). This implies that the motion of the 

background (as the result of camera movement) cannot be adequately compensated, assuming an 

affine transformation between different images over time, even after filtering out the miss-

tracking of the optical-flow module. Fig. 2(c) shows the same situation under a perspective 

transformation algorithm (as proposed in this work), which resulted in a more precise 

background subtraction. As the images are obtained by the perspective projection, a 3×3 

Homography matrix represents the relationship between keypoints through a projective mapping 

from one plane (e.g. a frame) to another, and it is defined as 

 

 𝐻 = ℎ-6 ,								𝑤ℎ𝑒𝑟𝑒	𝑖 = 1,2,3		𝑎𝑛𝑑	𝑗 = 1,2,3. (4) 

 

In this work, we first estimate the Homography matrix between frames and then apply it 

for perspective warp of those frames onto a reference one in the sliding window framework. 
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Since the extracted features include both foreground and background keypoints as well as noise, 

the initial step is to filter out the moving foreground keypoints and noise as outliers, before 

estimating the Homography matrix. The rationale to do so is that, in the low to medium density 

crowd scenes (as considered in this work), only the larger set of keypoints belonging to 

background can represent the camera motion model as inliers, while the fewer number of 

keypoints belonging to independently moving foreground targets are considered outliers, which 

do not fit the model. In this paper, we apply RANSAC filtering scheme [28] towards a robust 

estimation, since it finds a solution with the largest inlier support (hence, an improved camera 

compensation). After filtering out the keypoints belonging to the foreground as outliers, the 

Homography can be estimated between frame 𝑡 and 𝑡 + ∆𝑡 as well as frames 𝑡 and 𝑡 + 2∆𝑡. The 

relationships between these frames are shown as, 

 

 𝐾0 = 𝐻0,0�∆0𝐾0�∆0,						𝐾0 = 𝐻0,0�,∆0𝐾0�,∆0. (5) 

 

In (5), 𝐾0  and 𝐾0�}∆0|𝑐 = 1,2  represent the homogeneous coordinates of the k refined 

keypoints (i.e. inliers) in frames 𝑡 and 𝑡 + 𝑐∆𝑡, respectively, while 𝐻0,0�}∆0|𝑐 = 1,2  defines the 

unknown Homography matrix between frame 𝑡 + 𝑐∆𝑡 and frame 𝑡 based on these points. Here, 

𝐾0 (as well as 𝐾0�}∆0) is in the form of 

 

 
𝑈/(𝑡)
𝑉/(𝑡)
𝑊/(𝑡)

		
𝑈,(𝑡)
𝑉,(𝑡)
𝑊,(𝑡)

	 ⋱ 		
𝑈�(𝑡)
𝑉�(𝑡)
𝑊�(𝑡)

	; 	 𝑈-(𝑡) = 	𝑢-(𝑡).𝑊-(𝑡)		∀𝑖 = 1,… , 𝑘
𝑉-(𝑡) = 	𝑣-(𝑡).𝑊-(𝑡)		∀𝑖 = 1,… , 𝑘  (6) 
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where 𝑢-(𝑡) and𝑣-(𝑡) stand for the vertical and horizontal position of the ith detected keypoint in 

frame 𝑡, and 𝑊-(𝑡) is any arbitrary scalar (due to homogeneous coordinates), which can be set to 

1, without loss of generality. In general, the unknown Homography parameters of (5), in the 

vector format of h = (ℎ//, ℎ/,, ℎ/�, ℎ,/, ℎ,,, ℎ,�, ℎ�/, ℎ�,, ℎ��)S , can be estimated by solving 

Ah = 0, using homogeneous linear least squares, where 𝐀(𝑡 + 𝑐∆𝑡) is defined as 

 

 

−𝑢1 𝑡 + 𝑐∆𝑡
−𝑣1 𝑡 + 𝑐∆𝑡

−1
0
0
0

𝑢1 𝑡 . 𝑢1 𝑡 + 𝑐∆𝑡
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𝑢1 𝑡

					

0
0
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𝑣1 𝑡

					 ⋱ 					

−𝑢𝑘 𝑡 + 𝑐∆𝑡
−𝑣𝑘 𝑡 + 𝑐∆𝑡

−1
0
0
0

𝑢𝑘 𝑡 . 𝑢𝑘 𝑡 + 𝑐∆𝑡
𝑢𝑘 𝑡 . 𝑣𝑘 𝑡 + 𝑐∆𝑡

𝑢𝑘 𝑡

					

0
0
0

−𝑢𝑘 𝑡 + 𝑐∆𝑡
−𝑣𝑘 𝑡 + 𝑐∆𝑡

−1
𝑣𝑘 𝑡 . 𝑢𝑘 𝑡 + 𝑐∆𝑡
𝑣𝑘 𝑡 . 𝑣𝑘 𝑡 + 𝑐∆𝑡

𝑣𝑘 𝑡

. (7) 

 

After estimating the unknown elements of h, at the image registration step, we warp each 

of frames 𝑡 + ∆𝑡  and 𝑡 + 2∆𝑡  onto frame 𝑡  based on perspective transformation of all their 

pixels, using the estimated Homography matrices in (5), 

 

 𝐼0�∆0
(�) = 𝐻0,0�∆0𝐼0�∆0,						𝐼0�,∆0

(�) = 𝐻0,0�,∆0𝐼0�,∆0 (8) 

 

where 𝐼0�}∆0
(�) |𝑐 = 1,2  represents the new pixel values of the transformed frame 𝑡 + 𝑐∆𝑡 , after 

being warped into frame 𝑡. 
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B. Moving Targets Segmentation 

Now that we have access to the two warped images at time 𝑡 + 𝑐∆𝑡	|𝑐 = 1,2 (i.e. 𝐼0�∆0
(�)  and 

𝐼0�,∆0
(�) ), we may eliminate the background by taking the absolute differences of these two 

perspective transformed images in 𝕊4. The resulting image would be computed as 

 

 ∆𝐼0 = 𝐼0�,∆0
(�) − 𝐼0�∆0

(�) . (9) 

 

It is noted that because of using two transformed frames in our sliding window approach, 

the background motion compensation would be more effective, where the registration error is 

minimized due to using an independent reference image for transforming the successive frames. 

Next, a threshold is applied on ∆𝐼0 to get rid of the shadowing regions and creating the silhouette 

mask of the potential moving foreground (see Fig. 2(c)). Depending on the camera movement 

direction and speed from frame to frame, we may experience uniformly segmented thin bars on 

the image boundaries because of registration and warping. An instance is shown in Fig. 1, where 

black bars are generated in step 𝕊3. As these boundary bars are results of camera movements, in 

this work, we disregard them as background and set the value of corresponding pixels to zero in 

𝕊4, to preserve persistency and robustness. 

At the final step 𝕊5, we differentiate and segment multiple independently moving targets 

based on the local motion of their detected blobs. However, there is always a need to smoothen 

the image by applying a filter (e.g. Gaussian, median, and box kernel) as post processing task to 

account for the imaging noises caused by the camera. As a low-pass filter, Gaussian mask 

reduces the image high-frequency components, and hence, is commonly used for edge 

refinement in target detection applications to improve algorithm performance. In this work, we 
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apply an 𝑛� by 𝑛� Gaussian kernel for a linear convolution on the silhouette mask. The size of 

the kernel needs to be large enough to cover most of the segmented blobs, but not so large that 

multiple blobs are overlapped at a time; hence, independently moving targets regions can be 

separated later in the process. Another source of remained noise, that we need to handle before 

segmenting the moving foreground, comes from the camera motion estimation error. Applying a 

smoothing filter would not eliminate this type of noise. Therefore, we apply the connected-

components analysis [29] for completing and improving the background elimination phase, while 

clustering the closely moving foreground regions that are potentially parts of a unified target 

(e.g. a group of people). 

Throughout this process, the morphological operations (e.g. erosion and dilation) are 

being used on the mask image, to shrink areas of small noise to zero, followed by rebuilding the 

area of surviving components (i.e. segmented foreground regions) that was lost in the previous 

operation. In other words, erosion and dilation help in removing separate noises and filling the 

holes in the segmented blobs belonging to the same unified moving targets in the foreground, 

respectively. The reason is that by taking the absolute differences between successive frames, 

mostly edge regions of the moving targets could be segmented due to the slight movement, when 

comparing adjacent frames. Therefore, by applying morphological operations, we have “large 

enough” blobs of the surviving foreground regions and can proceed to detect those segments as 

multiple unified moving foreground targets. 

Now, as the last procedure, the independently moving targets regions can be separated 

using a local motion history function, which will enable tracking the segmented blobs over time. 

This motion history function uses floating point images to represents the motion template. A set 

of these images form a representation of the overall motion, by taking the gradient of the 
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silhouette image over time. At every new frame, such function would be first updated based on 

the newly segmented foreground. Next, the motion gradient and orientation parameters of every 

single region are calculated based on the spatio-temporal approach in our previous work [10] to 

estimate the general movement direction of each moving target. Finally, a motion segmentation 

routine (as discussed in [18]) is applied to separate independently moving targets based on their 

local motions. This ends our method on effectively and robustly detecting independently moving 

targets from a moving camera in an efficient manner. We may also assign separate target 

boundaries for each independent detected blob for display purposes. It is noted that, since the 

kernel size of the post processing task can affect performance of the local motion history 

function in segmenting multiple targets, experimental analysis on selecting the appropriate 

parameters for a general application is provided in Section IV. 

 

IV. RESULTS AND DISCUSSION 

In this work, a visual surveillance case study is considered to validate and demonstrate 

the proposed method. An RGB camera with a gimbal is mounted on a 3DR® X8+ drone (i.e. 

UAV), and experiments are conducted with both vertical and oblique views of the environment. 

We also used an ODROID® U3 Linux computer with 1.7 GHz Quad-Core processor and 2 GB 

RAM onboard the UAV for near real-time processing of the data to analyze algorithm efficiency. 

Using this testbed, we evaluated the proposed method on different scenarios of crowd 

movements and at different camera setups (i.e. speed, altitude, and view angle), to verify its 

effectiveness and robustness in segmenting the moving targets (see Fig. 3). Fig. 3(a) shows three 

different time snapshots of a scenario in which the movement of a crowd of 4 people is captured 
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by the UAV’s onboard camera, flying at a low altitude and a rather high speed; hence, the 

detection interval is set as low as 1 to provide better performance. 

 

 

Fig. 3. The results of applying the proposed method on videos of different scenarios captured by 

UAV: (a) Scenario for a crowd of 4 people moving together; (b) Scenario for a crowd of 4 people splitting into 

two groups and a bicyclist passing by (at faster speed); (c) Scenario for a group of 5 people scattering. 

 

As shown in these image series, the segmented blob can be used to represent a crowd of 

people as one unified target (the middle image) or individual people (the right person in the top 

image), depending on the targets proximity and motion. Fig. 3(b) shows a scenario of a crowd 

splitting to two groups, captured by the UAV flying at a lower speed; hence, ∆𝑡 is adjusted to 2 

for this scenario. As depicted in the bottom image of this figure, a bicyclist with a faster speed 

entered the camera detection range (top-left corner), and hence, is segmented with a longer 

motion trail (due to the local motion history function). It is noted that by setting the appropriate 

detection interval depending on the proposed heuristic method, targets with different movement 

velocities can be detected in a robust manner. Finally, Fig. 3(c) shows the detection results for a 

scenario of 5 individual people scatter in different directions, captured by the UAV at higher 
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altitude and with ∆𝑡  =3. Fig. 4 also compares the results of the proposed method with our 

previously developed algorithm [10] on a scenario of crowd control at two different altitudes, to 

verify the achieved improvement as a result of applying perspective, rather than affine 

transformation (second contribution). 

 

 

Fig. 4. Comparison with the algorithm previously developed by authors at two different altitudes: (a) 

Original video frames; (b) Results of algorithm in [10]; (c) Results of our method. 

 

We applied our proposed method on a series of available datasets related to surveillance 

and ITS applications to both verify its robustness and compare its performance with existing 

methods in the literature, whose results are publicly available. The datasets considered in this 

work include: Dataset1 (DARPA VIVID-EgTest05, featuring a group of cars tracked along a 

road via aerial camera) [30], Dataset2 (featuring a traffic scene in an urban area captured via 

hand-held camera) [19], Dataset3 (featuring a person movements captured via axial rotation of 

the camera) [17], and Dataset4 (UCF Aerial Action dataset, featuring 3 cars on a road captured 

via extreme shift of aerial camera) [31]. Fig. 5 shows the experimental results of applying the 
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proposed method on Dataset1. As shown in this figure, our method has successfully segmented 

the independently moving vehicles at different time stamps (compared to ground-truth data), 

despite the encountered challenges in this dataset, such as rapid rotary motions of the aerial 

camera, illumination changes, and highly textured background (e.g. trees). 

 

 

Fig. 5. The results of applying the proposed method on Dataset1, at three frames: t=185; t=329; t=521: 

(a) Original frames; (b) Optical flow vectors; (c) Detected foreground; (d) Ground-truth blobs [17]. 

 

Dataset2 (with 70 frames) is also used to provide a different view angle for the ITS 

application, so that the robustness of the proposed method can be evaluated. Fig. 6 illustrates the 

comparisons of results with the ground-truth data as well as other existing methods in the 

literature (i.e. multi-layer Homography (MLH) [16], BMS [17], particle video (PV) [19], moving 

camera background subtraction (MCBS) [32], and segmentation with effective cue (SEC) [33]). 

As shown in this figure, the qualitative results provided by the proposed method outperforms the 

results reported by the existing methods, in terms of foreground segmentation accuracy. The 
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main reason is that our algorithm estimates the general background motion, rather than 

reconstructing the camera motion by interpolation, as in BMS. MLH also fails to segment the 

whole moving cars and only depicts the moving boundaries based on their trajectories. 

Moreover, both MLH and MCBS show some false positives in the left boundaries of the images 

due to camera movements. Finally, PV and SEC methods provide fuzzy segmentation of the 

moving targets, while our method presents an accurate segmentation. 

 

 

Fig. 6. Comparison with exiting methods on Dataset2: (a) Original frame; (b) Results of MLH; (c) 

Results of BMS; (d) Results of PV; (e) Ground-truth data; (f) Results of MCBS; (g) Results of SEC; (h) 

Results of our proposed method. 

 

For a more complete evaluation of the proposed method, we have also provided several 

quantitative performance evaluation metrics, related to target detection and segmentation. The 

measures considered in this work include Accuracy, Specificity, Precision, and Recall, which are 

defined as follows: 
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�

 (10) 

 

where p is the number of positive (foreground) pixels and n is the number of negative 

(background) pixels reported by the detection algorithm, Tp is the number of true positives and 

Tn is the number of true negatives in the test frame compared to the ground truth, Fp is the 

number of false positives and Fn is the number of false negatives in the test frame, and finally, N 

is the total number of pixels in the test frame, depending on the image resolution. Furthermore, 

two composite performance metrics, F-measure [34] and Gmean [35], are also considered as 

compromises between previous measures and can be used as the criteria to compare the 

performance with other existing methods. These metrics are defined as 

 

 F − measure = ,×¡¢£}-¤-¥:×¦£}§¨¨
¡¢£}-¤-¥:�¦£}§¨¨

  

 Gmean = 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦×𝑅𝑒𝑐𝑎𝑙𝑙. (11) 

 

Table 1 summarizes quantitative performance analyses on the proposed method 

compared to some other methods which have reported their results on the datasets considered in 

this work. Although the metrics in (11) are usually measured for evaluating the performance of 

pixel-level segmentation algorithms, the motion detection method proposed in this work, shows a 

comparable and mostly promising performance versus state-of-the-art methods in the literature. 

According to Table I, the results of our method outperforms the BMS results on all datasets in 

terms of Gmean (by 3% on average) and we also obtained an average improvement of 30% on F-
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measure values provided by motion decomposition (MD) method [4]. It is noted that the 

proposed method also significantly improves the efficiency compared to these methods in terms 

of very shorter run-time. More specifically, our method generates final results in less than 0.2 

sec/frame on average for the considered datasets (see Fig. 9), while BMS takes at least 1.03 

sec/frame (disregarding optical flow step) and MD takes 1.89 sec/frame on a 3.4 GHz CPU with 

32 GB RAM (computationally, much more powerful than the testbed considered in this work). 

 

 

 
Fig. 7 demonstrates the detailed performance of proposed method in terms of criteria 

provided in (10) and (11), when applying on 40 frames of Dataset2. Fig. 7(a) verifies that our 

proposed method has higher values of Recall, F-measure and Gmean, on average, while the 

variations of these metrics are lower compared to the BMS method. The provided results are 

promising, since the BMS algorithm is designed to accurately classify the foreground and 

background in the pixel level, and hence, the Precision and F-measure of the BMS are expected 

to be generally higher. It is noted that the Recall performance for the BMS method drops 

dramatically after frame 25. The reason could be that the front car (at the left) starts to exit the 

camera view and the algorithm of pixel classification using bi-level segmentation (coarse and 

fine) cannot handle boundary pixels very well. However, our algorithm can address such issues 

due to its uniform keypoint extraction via PLK and perspective registration of frames in a sliding 
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window, which is robust to changes in velocity and location of the moving target. Moreover, the 

third car at the far right is moving at a slower rate, for which, the BMS algorithm did not classify 

any of its pixels as moving foreground, while our method partially did so. Fig. 7(b) illustrates the 

qualitative results of the two algorithms on frames 25 to 33 of this dataset for clarification. We 

have highlighted the false positive and false negative regions on the BMS results by magenta and 

black circles, respectively. Note that in these image series, increased false positives results in 

greater 𝑇𝑝 + 𝐹𝑝, which causes Precision value decreases (𝑇𝑝 (𝑇𝑝 + 𝐹𝑝)), while increased false 

negatives results in smaller 𝑇𝑝, which ends up reducing the Recall value (𝑇𝑝 𝑝). 

 

 

Fig. 7. Performance comparison with BMS on parts of Dataset2: (a) Mean and standard deviation of 

the metrics; (b) Results of applying the two methods on a series of frames to justify better performance of the 

proposed method on Recall. 

 

We have also provided empirical analyses on the optimal values for the key parameters in 

this paper. Fig. 8 represents the results of these studies. As shown in Fig. 8(a) the proposed 

algorithm is not very sensitive to the values of Gaussian kernel size in the post processing task; 

hence, in this work, we set 𝑛� between 3 to 7.  
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Fig. 8. Sensitivity Analysis of the performance metrics on key parameters: (a) Based on different 

values of Gaussian kernel parameter; (b) Based on different values of Dilation parameter; (c) Based on 

different values of Erosion parameter; (d) Two-way analysis based on Dilation and Erosion parameters. 

 

The graphs in Fig. 8(b) and Fig. 8(c) show the evaluation results based on variation in the 

morphological operations (i.e. dilation and erosion) parameters. As depicted in the figures, 

increasing the dilation kernel size reversely affects the Precision performance, while the Recall 

performance gets improved. The opposite is true for Erosion kernel, where Precision slightly 

improves by increasing the parameter and Recall performance deteriorated at the same time. 

Although depending on the application, one of the two performance metrics might be of higher 
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interest for improvement, in this work, parameters with the highest F-measure and Gmean values 

are considered optimal for the proposed method (e.g. values between 1 to 3 for erosion kernel 

size). Finally, Fig. 8(d) shows a complete two-way analysis based on dilation and erosion 

parameters for all different performance metrics in this work. The same discussion about 

parameter setting based on performance metric of interest (i.e. F-measuer and Gmean), holds 

here. 

As a key parameter, the value of detection interval also needs to be adjusted based on the 

empirical relationship provided in (2). In this work, since the computational complexity of the 

proposed algorithm only differs based on the image resolution (see Fig. 9), the sensitive 

parameters for setting the detection interval are altitude and speed of UAV, as well as video 

streaming rate. Therefore, we initialize the value of ∆𝑡  at 1 frame (i.e. processing every 

successive frame in the sliding window) for the initial values of 𝑅(}) = 10(𝑓𝑝𝑠), 𝐴(() = 20(𝑚) 

and 𝑆(() = 5 𝑚 𝑠 . These values are set based on a series of experiments on different videos 

captured by UAV’s onboard camera, to find the best combination for more accurate results. As 

the values of these parameters change, the detection interval can be adjusted to higher values for 

robustness. The results of applying different values of ∆𝑡  have been discussed previously, 

through Fig. 3 and Fig. 4. 

Finally, the computational complexity of the proposed method is studied for the sake of 

efficiency evaluation. Fig. 9 shows the time analysis in terms of the processing time per frame 

based on different image resolutions. As discussed earlier in this section, the average processing 

time for our method is less than 0.2 sec/frame, which is very promising with respect to the 

limited computational resources onboard the UAV. As shown in Fig. 9(a), even for resolutions as 
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high as 720×960, the proposed method is still efficient for near real-time implementation. Fig. 

9(b) also provides the detailed processing times for different datasets considered in this work. 

 

 

Fig. 9. Computational cost analysis: (a) Mean and standard deviation of the processing time based on 

the resolution; (b) Time analysis of different datasets. 

 

V. CONCLUSIONS AND FUTURE WORK 

In this work, we proposed an effective, yet efficient method for detecting multiple 

independently moving targets from a monocular moving camera onboard UAV in a robust 

manner. A sliding-window framework is considered, where at each time frame 𝑡, the keypoints 

are extracted and tracked onto the next two frames with gap ∆𝑡. These frames are then registered 

through perspective transformation onto frame 𝑡 . Finally, a local motion history function is 

applied after post processing operations, to separate the independently moving targets. 

We tested our method using videos captured by UAV as well as publically available 

datasets. The experiments on different scenarios demonstrated promising results based on the 

quantitative and qualitative evaluations. More specifically, the effectiveness of the proposed 

method is evaluated by considering results on different camera setups (in terms of altitude, 
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speed, and view angle) and various applications; its effectiveness is verified through 

comparisons with ground-truth data as well as state-of-the-art methods, while reporting the 

achieved performance in terms of common performance metrics; and the method’s efficiency is 

demonstrated by computational time analyses and comparing with reported run-times of existing 

methods. Sensitivity analysis studies have also provided for optimal setting of the key parameters 

in the proposed method. 

As a future research work, we aim at proposing a robust data association algorithm to 

differentiate and associate multiple detected targets over a sequence of video frames for the 

application of target tracking through UAVs, while considering various surveillance scenarios. 
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Abstract 

This paper proposes a novel data association method for effectively and efficiently 

associating multiple targets based on dynamic-data to be used by the real-time visual 

surveillance. Although the data association has been an active field of research, a robust solution 

that can adjust to a variety of scene scenarios is not yet provided. Hence, the proper selection of 

affinity function for an optimal data association under different scenarios and in an online 

application is crucial. The proposed method revisits the global nearest neighbor approach (as a 

rather simple algorithm) with a dynamically adjusted affinity score and considering dummy 

targets for association of missed or new measurements in the image sequence, to produce 

effective results efficiently. The proposed affinity function is a weighted summation of location 

and appearance features, where their contributions are determined based on a new normalized 

discriminative metric, summarizing the frames entropy. As another contribution, the proposed 

gating technique adjusts the affinity scores for the real-dummy target pairs association rather 

than appending as a constraint set to the problem, in order to generate valid solutions, regardless 

of the threshold value. The experimental results on a variety of datasets with different view-

angles and targets arrangements, reveal the effectiveness and efficiency of the proposed method 

in terms of the data association accuracy ratio. Analytical studies have also been conducted for 

setting the robust and optimal values for the main parameters. 

 

Index Terms: Effectiveness, Efficiency, Data association, Multi-target tracking, Affinity score, 

Dynamic 
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I. INTRODUCTION 

Many computer vision applications, such as autonomous visual surveillance, motion-

based target recognition, and human-computer interaction, strongly rely on information provided 

by a visual tracker [1], which may include single or multi-target tracking (MTT). Unlike single-

target tracking, where a target is usually detected in the first frame and then is tracked over 

successive frames, the targets in MTT can be detected and associated in every frame. Therefore, 

the MTT problem is far more complex, where the most challenging part is data association under 

uncertainty. According to [2], the measurements (i.e. detected targets) can incorrectly relate to 

false positives in the detection process, clutter in the environment, other targets, or the sensor 

(camera in this work) noise.  

Data association problem is generally considered in three forms [2]: 1) measurement-to-

measurement, mostly appropriate for track initiation; 2) measurement-to-track, mostly used for 

track updating; and 3) track-to-track, commonly used for track fusion. The two latter groups of 

approaches are more recommended for track maintenance, especially when the probability of 

false positive is high and target localization techniques are not sufficient. However, the former 

approach is mostly required for initiating the target tracks, where rather reliable target detection 

and geo-localization methods such as in [3] are available. Furthermore, the first two groups of 

techniques directly identify one-to-one relationships between sensor measurements and targets 

over time [4-6], while the track-to-track association first groups detections into tracklets and then 

forms longer tracks based on their combination [7, 8]. In this paper, the focus is on associating 

the newly detected targets (i.e. measurements) to previous measurements (or tracks) at each time 

stamp. Multi-target data association problem may impose a major challenge to the real-time 

requirements of visual surveillance applications. This problem is generally considered as a 
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combinatorial optimization. Specially, if complex affinity models are used for data association, 

the problem quickly becomes NP-hard, and hence, very compute-intensive for real-time 

processing. According to [9], an ideal solution to the data association problem is not yet 

provided, due to the complexity of the corresponding optimization problem and variety of scene 

scenarios. Hence, approximation methods are usually used in the literature to find an acceptable 

and near optimal solution; while computational complexity (i.e. efficiency) and finding the exact 

solution (i.e. effectiveness) are still challenging. 

On the other hand, unpredicted changes in targets motion and appearance, combined with 

the measurement uncertainties can result in huge inconsistencies in the tracker design, especially 

considering the requirements of real-time applications, such as visual surveillance. Hence, the 

proper selection of affinity model is critical for effective, yet efficient data association. 

Designing an appropriate data association method is then very much dependent on the dynamic 

arrangement of the scene and the detected targets. While in some cases motion models may 

provide more consistent information, in other scenarios, appearance modeling may be more 

effective. In recent years, more and more approaches have been tried to address such challenges 

robustly, by presenting complex tracking methods [10-12]. However, most of these methods 

considered offline assumptions, such as manual initializations of the tracks or applying machine 

learning techniques, which rely on huge training datasets. In this work, we aim at relaxing such 

constraints and propose a data association method that is applicable to the dynamic environment 

and changing targets conditions via dynamically adjusting the affinity model for effective and 

efficient measurement-to-track association. Therefore, some discriminative metrics are computed 

at each time stamp to define the frame scenario and based on the results, the proper affinity 

function would be selected for more accurate results in real-time. Moreover, the probability of 
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ID-switches (i.e. mis-association) would be minimized beforehand, and the algorithm would 

account for associating false positives and false negatives, by selecting a more reliable features 

combination. 

The main contributions of the proposed method are as follows: 

1) Developing an effective and efficient data association method, based on dynamic 

adjustment of the weight combination for contribution of the appearance and location 

features in the affinity function according to the value of a normalized discriminative 

metric. Such design allows the data association problem to be solved every ∆t frames, 

instead of every single frame, without loss of accuracy and for the efficiency required in 

real-time applications. 

2) Proposing a normalized discriminative metric based on the estimated entropy of the 

scenario, according to the hierarchical clustering of the detected targets at each frame. 

3) Proposing a simple normalized affinity function based on Jaccard similarity coefficient to 

be used for different features (e.g. appearance and location) at different scales, regardless 

of their dimensionality, and without the need to compute complex functions. 

4) Revisiting the multi-dimensional assignment problem based on global nearest neighbor to 

account for false positive and false negatives. The modified algorithm considers index 0 

to associate any number of newly detected or missed targets (despite the one-to-one 

assignment constraints) to a dummy target, and uses the gating threshold value to adjust 

and update the similarity score between the dummy target and any real target. Hence, the 

problem will always have a valid and feasible solution regardless of the gating threshold 

value. 
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The rest of the paper is organized as followed: Section II provides reviews of the related 

literature and discusses research gap and limitations of the existing methods. Section III 

describes the proposed method for effective and efficient multi-target data association method in 

detail and provides analytical studies on the dynamic settings of two major parameters of the 

system: location-weight and gating threshold. The experimental results on a series of captured 

shots from an unmanned aerial vehicle (UAV), as well as available datasets are presented in 

Section IV. Through these experiments the effectiveness is studied as a function of the two main 

parameters, while quantitative performance metrics are considered for comparison purpose. 

Finally, Section V concludes the paper and discusses the future research directions. 

 

II. BACKGROUND AND RELATED WORK 

Motion-based MTT problems are classified as either detect-before-track (DBT), which 

depends on the data association mechanism, or track-before-detect (TBD), depending on the 

basis theory used for tracking [13]. Since DBT methods attain more robust performance in a 

general surveillance problem as the signal-noise-ratio increases, we have focused on DBT 

approach in this work. According to [14], there are two main streams in DBT methods: one 

considers only past and current frames to make association decisions, by using detection 

responses to guide the tracker, while the other takes information from future frames as well. 

Since online tracking is concerned in this paper, we only consider the related works from the 

former category of data association. It is noted that DBT-based data association has been 

addressed in the literature with limiting assumptions such as manual initialization of tracks 

and/or a fixed, known number of targets. 
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Three main formulation approaches have been considered in the literature: 1) global 

nearest neighbor (GNN), which assigns the most likely measurements to existing 

measurements/tracks; 2) joint probabilistic data association (JPDA), which updates a track by a 

weighted sum of all valid measurements in its gating area; and 3) multiple hypotheses tracking 

(MHT), which forms alternative data association hypotheses in the case of ambiguities. 

According to [15], for real-time visual surveillance, GNN would be more appropriate as a 

robust, optimal, and simple technique for data association. However, the classic motion-based 

GNN approach is only reliable in scenarios, where the targets are well-spaced, the measurement 

is accurate, and the false positive rate is low [16]. In [17] a GNN data association algorithm was 

applied in assigning new detections to the existing tracks for the proposal distribution in particle 

filters and for the evaluation of the likelihood function. Generally, the measurements can be 

assigned to tracks in a globally optimal way, if proper estimation of segmentation and shape of 

the targets exist. However, in [17] the data association problem was handled locally and in an 

implicit manner, as part of the particle filter, so it could not come up with an explicit shape 

model of the targets. Moreover, the assignments were based on spatial distances only, without 

considering target appearance, which may cause problems (e.g. false positive detections) for 

complex scenes with many targets and cluttered background. More recently, [11] proposed an 

iterative approximate solution to the MTT under general cost functions by providing a feasible 

solution at every step, which is guaranteed to converge to a local minimum. Unlike network flow 

solutions to such a problem, their cost functions use higher-order motion models to evaluate the 

trajectory quality. Although the discussed formulation is NP-hard, the proposed iterative 

approximate solution considers pairs of adjacent frames at each step, computing block-optimal 

two-frame linear assignments. However, their approach does not use appearance cues either, and 
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the targets are represented solely by their 2-D image locations, which may cause the loss of a 

valuable source of information and ID-switches, while assigning measurements to tracks. 

Recently, researchers have considered appearance information as strong cues to solve the 

data association problem. In a group of network-flow-based approaches, either simple 

dissimilarity metric between appearance features is considered as a global constraint [10], or 

offline-trained appearance models have been presented [12]. However, both methods have 

limitations in dynamically modeling the complex appearance changes. Several other works [18-

21] have focused on making online models of appearance using a sliding window approach for a 

more effective affinity computation. In [22], an adaptive updating of the targets models was 

applied to overcome the appearance changes in the association algorithm. For the similarity score 

in associating multi-targets data, they used the normalized color histogram for modeling the 

target and then compared the candidates with the original target via this measure. However, they 

did not consider the motion model nor the detected target proximity as an extrinsic similarity 

score in their analysis, which may cause a problem in tracking multiple similar targets (e.g. in a 

crowd). On the other hand, few latest versions of the popular MHT approach are boosted with 

the addition of appearance cues based on the detection results [4, 23, 24]. Although the MHT 

algorithm has been designed and used mostly for radar target tracking systems, it was recently 

revisited in a DBT framework for visual tracking [4]. The online appearance models for each 

track hypothesis were learned via regularized least squares method. The success of MHT 

depends, in general, on the ability to maintain a list of potential hypotheses; however, they also 

delay the decision-making and propagate the hypotheses into the future, which makes them 

unsuitable for online tracking applications. In general, higher effectiveness of these methods 

comes at increased computational complexity. 
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The above discussion shows the importance of proper selection of affinity function for an 

optimal data association in an online application. In various scenarios, different types of features 

may provide better information for data association, while including and updating all these 

features at the same time may add to the complexity of the problem. Therefore, the type and 

contribution of these features should be chosen adaptively, depending on the scenario. Moreover, 

the assignment algorithm needs to be reformulated to efficiently account for dynamic changes in 

number, type, appearance, and motion of the targets as well as the number of frames. 

Considering all these challenges, the proposed approach aims at dynamically adjusting the 

affinity function to use the most discriminative features (e.g. appearance measure or motion 

information) for data association based on the dynamic data driven application systems 

(DDDAS) [25] concept, and considering the detection results as an input. Furthermore, the multi-

dimensional (i.e. K-D) assignment problem formulation is modified for an efficient and effective 

solution based on such dynamic characteristic. 

 

III. PROPOSED METHODOLOGY 

In this section, the details of the measurements format and the proposed affinity score 

function for associating these measurements are discussed in detail. The data association 

algorithm is considered based on the GNN method for efficiency, while the effectiveness of the 

proposed method is provided by adjusting the key parameters in a dynamic data-driven manner. 

The two major parameters affecting the data association results are: 1) the gating area size, and 

2) the combination of location-related and appearance-related weights in the affinity score 

function, which are covered as analytical studies in this section. 
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A. Providing Input Data (Measurements) 

The proposed multi-target data association method is designed to work with any format 

of input data as long as they comply with the representation of a detected target and can provide 

required features (i.e. location and appearance). However, we adopt the moving target detection 

and human recognition algorithms in [33] and [3], the former works of the authors. The 

presented moving target detection algorithm can segment the independently moving foreground 

regions (regardless of the target type) from the possibly moving background effectively and in an 

efficient manner for online application of visual surveillance via UAVs. Moreover, the 

recognition algorithm classifies individual human-type targets using the camera onboard 

unmanned ground vehicles (UGVs), and hence provides detected target from different view-

angles. The advantages of this motion detection algorithm are its effectiveness and robustness in 

detecting both individual moving targets as well as groups of people moving together. Therefore, 

it can provide required diversity for running the experiments on both types of targets (with more 

abrupt dynamically changing appearance model for crowds). 

The presented method integrated multiple moving foreground segmentation techniques 

(i.e. spatio-temporal differencing and optical flow) over a sliding window of frames with ∆t 

intervals, where successive frames are warped using a perspective transformation to enhance 

detection effectiveness and minimize the image registration error. The measurements as the 

output of this algorithm are represented in terms of the center position of the detected target 

bounding box (i.e. location feature) and the color histogram of the whole bounding box (i.e. 

appearance feature). Hence, using these algorithms, multiple independently moving human 

targets are detected at every ∆t frames of a sliding window and then labeled with respect to the 

previous detections and based on the measurement-to-measurement data association method, 
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proposed in the upcoming sections. These associated measurements then can be used depending 

on the purpose, e.g. as an input to the target identification process under visual surveillance 

application. 

Since we have considered a sliding window of 3 for optimized results in our previous 

work [33], the same rule will be applied for multi-dimensional assignment to generate tracklets 

in Section III-C, as a special case and without the loss of generality. Fig. 1 shows the detected 

moving targets applying the presented detection algorithm on the output sequence of a UAV 

moving camera, which are then fed to the data association algorithm for labeling. 

 

 

Fig. 1. Applying the moving object detection algorithm on a sliding window of 3 frames from UAV camera, 

and labeling them, using the data association method: (a) frame 𝑡/, with 2 detected targets;(b) frame 𝑡/ + ∆𝑡, 

with 3 detected targets; (c) frame 𝑡/ + 2∆𝑡, with 3 detected targets. 

 

B. Affinity Score Function 

The affinity score functions are defined for computing the similarities between the 

measurements to provide input to the K-D assignment algorithm. Although using Mahalanobis 

distance or Euclidean distance is common in the tracking literature, we opted to propose an 

affinity function based on Jaccard index [26] which is originally created to compare members of 

two sets of data for measuring their similarities. The rationale is that, Euclidean distance does not 



141 
	

account for changes in scale and is not normalized, while Mahalanobis distance requires more 

computation resources and it is challenging to estimate a proper correlation between groups of 

measurements. Some advantages of using Jaccard score for affinity function estimation include 

considering various scales as well as different dimensionalities (more than 2-D) and providing a 

normalized score ranging in [0,1] for similarities/dissimilarities among any number of 

measurements in a computationally efficient manner. 

The original Jaccard index computes the similarities between two sets A and B, as the 

size of their intersection over the size of their union 𝐽 𝐴, 𝐵 = 𝐴 ∩ 𝐵 𝐴 ∪ 𝐵 . For comparing 

two vectors 𝐱 = 𝑥- 	, 𝐲 = 𝑦- ; 𝑖 = 1, . . , 𝑛 (where 𝑛 is the dimension of the vectors), though, we 

adopt a generalized version of this measure discussed in [27] and define the Jaccard similarity 

coefficient 𝑆 𝐱, 𝐲  and the Jaccard dissimilarity score 𝐷 𝐱, 𝐲  as 

 

 𝑆 𝐱, 𝐲 =
min	(𝑥𝑖,𝑦𝑖)𝑖
max	(𝑥𝑖,𝑦𝑖)𝑖

	 ; 						𝐷 𝐱, 𝐲 = 1 − 𝑆 𝐱, 𝐲  (1) 

 

where both functions take values in the range of [0,1]. The rationale to adopt Jaccard coefficient 

as affinity score in this work is that we are coping with two different features with different 

dimensionalities (i.e. location and appearance measures) in the track affinity score function 

(𝑆¸ 𝑡 ), for which the two contributing scores should be both normalized and simple. The 

function defined in (1) allows us to consider both the shape and proximity information of the two 

sets/vectors, at the same time, and also takes the symmetry and overlapping properties required 

for a similarity metric into account. The affinity score for each track 𝜏 at time t is defined as 

 

 𝑆¸ 𝑡 = 𝑤¨¥} 𝑡 . 𝑆¨¥}¸ 𝑡 + (1 − 𝑤¨¥} 𝑡 ). 𝑆§��¸ 𝑡  (2) 
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where 𝑆¨¥}¸ 𝑡  and 𝑆§��¸ 𝑡  represent location-based and appearance-based affinity scores of track 

𝜏 at time t, respectively, while 𝑤¨¥} 𝑡  shows the contribution weight of location-based metric to 

the track affinity score, adjusted dynamically at time t. 

For 𝑆¨¥}¸ 𝑡 , the Jaccard similarity coefficient between pair-wise locations of those targets 

in the successive frames that contribute to track 𝜏 are considered. These locations are represented 

by 2-D vectors of 𝑌-(𝑡) = 𝑢-(𝑡), 𝑣-(𝑡) S  for each target i at frame t. For 𝑆§��¸ 𝑡 , though, the 

Jaccard similarity coefficient corresponds to higher dimensional feature vectors that are 

descriptive enough to summarize the target appearance, while being simple enough for 

computational efficiency. As mentioned in Section III-A, in this work, we have considered the 

color histogram of the target region of interest (ROI) which is represented by a bounding box 

around the detected target. Thus, the appearance feature would be a 3-channel 256-bar histogram 

that can be converted into a 3×256-D matrix 𝐴- 𝑡  for RGB distribution of ith detected target (i.e. 

measurement) at frame t, 

 

 𝐴- 𝑡 = [𝑟-»(𝑡)		𝑔-»(𝑡)		𝑏-»(𝑡)]S (3) 

 

where h=1,…,256. Here, 𝑟-»(𝑡), 𝑔-»(𝑡), and 𝑏-»(𝑡) represent 256-D vectors of red-channel, green-

channel, and blue-channel histograms of the target’s ROI, respectively. As mentioned in Section 

III-A, since a sliding window of K = 3 frames in the K-dimensional assignment problem is 

considered for data association in this work, the location-based and appearance-based affinity 

scores for targets i, j, and k in frames 𝑡, 𝑡 − ∆𝑡, and 𝑡 − 2∆𝑡 can be defined as 

 

𝑆¨¥}
-6� 𝑡 =

min 𝑢𝑖 0 ,	𝑢𝑗 0.∆0 +min 𝑣𝑖 0 ,	𝑣𝑗 0.∆0 +min 𝑢𝑗 0.∆0 ,	𝑢𝑘 0.,∆0 +min 𝑣𝑗 0.∆0 ,	𝑣𝑘 0.,∆0

max 𝑢𝑖 0 ,	𝑢𝑗 0.∆0 +max 𝑣𝑖 0 ,	𝑣𝑗 0.∆0 +max 𝑢𝑗 0.∆0 ,	𝑢𝑘 0.,∆0 +max 𝑣𝑗 0.∆0 ,	𝑣𝑘 0.,∆0
 (4) 
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𝑆§��
-6� 𝑡 = min 𝑟𝑖ℎ(𝑡), 	𝑟𝑗ℎ(𝑡 − ∆𝑡) + min 𝑔𝑖ℎ(𝑡), 	𝑔𝑗ℎ(𝑡 − ∆𝑡) + min 𝑏𝑖ℎ(𝑡), 	𝑏𝑗ℎ(𝑡 − ∆𝑡) +256

ℎ=1

min 𝑟𝑗ℎ(𝑡 − ∆𝑡)	, 	𝑟𝑘ℎ(𝑡 − 2∆𝑡) + min 𝑔𝑗ℎ(𝑡 − ∆𝑡), 	𝑔𝑘ℎ(𝑡 − 2∆𝑡) + min 𝑏𝑗ℎ(𝑡 − ∆𝑡), 	𝑏𝑘ℎ(𝑡 − 2∆𝑡) /

max 𝑟𝑖ℎ(𝑡), 	𝑟𝑗ℎ(𝑡 − ∆𝑡) + max 𝑔𝑖ℎ(𝑡), 	𝑔𝑗ℎ(𝑡 − ∆𝑡) + max 𝑏𝑖ℎ(𝑡), 	𝑏𝑗ℎ(𝑡 − ∆𝑡) + max 𝑟𝑗ℎ(𝑡 −
256
ℎ=1

∆𝑡), 	𝑟𝑘ℎ(𝑡 − 2∆𝑡) + max 𝑔𝑗ℎ(𝑡 − ∆𝑡), 	𝑔𝑘ℎ(𝑡 − 2∆𝑡) + max 𝑏𝑗ℎ(𝑡 − ∆𝑡), 	𝑏𝑘ℎ(𝑡 − 2∆𝑡) .          (5) 

 

Therefore, the affinity function takes into account gradual changes of the targets in terms 

of location and appearance along the 3-frames through combined pair-wise comparisons. 

 

C. Data Association Algorithm 

In this work, we base our data association algorithm on the GNN method for assignment 

of the most similar targets in successive frames. The original method is a non-Bayesian 

approach, defined based on the pair-wise Euclidean or Mahalanobis distances and considers 

location only to estimate the maximum likelihood set from the association search space. 

However, we modified the affinity score to create a unified normalized function which accounts 

for computing the similarities and dissimilarities among any number and any type of n-

dimensional vectors. Based on the affinity score defined in Section III-B, the proposed data 

association method is formulated as a general K-dimensional assignment problem. 

 

 max 𝑆¸ 𝑡 . 𝑍¸ 𝑡¸  

  𝑠. 𝑡.		 𝑍¸ 𝑡¸. : = 1				∀𝑛 ∉ 0 	, 𝑛 = 1,… , 𝐾 

 𝑍¸ 𝑡 ∈ 0,1  . (6) 
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Here, 𝑍¸ 𝑡  is the binary assignment variable, representing the existence of track 𝜏 in the 

global optimal solution at time t, and 𝑆¸ 𝑡  is its associated affinity score, calculated by (2). The 

constraint set defines a one-to-one association for each target n in track 𝜏 . By solving this 

optimization problem and maximizing the total score of the selected tracks, we aim at associating 

the most likely combination of targets over K successive frames up to time t for the global 

optimality. The K-dimensional assignment problem is considered NP-hard for 𝐾 > 2 . As 

mentioned earlier in Section III-A, we set K as 3, for convenience in formulation, and without 

the loss of generality. The proposed data association algorithm can then be used to track the 

detected targets in every 3 frames based on the results of the algorithm described in Section III-A 

as input. At the same time, by considering 𝐾 = 3 frames, we produce tracklets for targets that 

can be used in the further multi-target tracking processes, while decreasing type I and type II 

errors by reducing the ID-switches (compared to that of 𝐾 = 2) and increasing the efficiency of 

the data association algorithm by splitting long tracks to smaller 3-frame tracklets (compared to 

that of 𝐾 > 3). Hence, the global optimization problem will be reduced to (7), where the affinity 

functions in (4) and (5) can be directly used in computing 𝑆-6� 𝑡 . 

 

 max		 𝑆-6� 𝑡 . 𝑍-6� 𝑡� 𝑡−2∆𝑡
�9Á

� 𝑡−∆𝑡
69Á

� 𝑡
-9Á  

 𝑠. 𝑡.				 					𝑍-6� 𝑡� 𝑡−∆𝑡
69Á

� 𝑡
-9Á = 1				∀𝑘 = 1,…𝑁 𝑡 − 2∆𝑡  

 				𝑍-6� 𝑡� 𝑡−2∆𝑡
�9Á

� 𝑡
-9Á = 1				∀𝑗 = 1,…𝑁 𝑡 − ∆𝑡  

 𝑍-6� 𝑡� 𝑡−2∆𝑡
�9Á

� 𝑡−∆𝑡
69Á = 1				∀𝑖 = 1,…𝑁 𝑡  

 𝑍-6� 𝑡 ∈ 0,1  . (7) 
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In this formulation, index 0 for i, j, and k is considered as a dummy target for all sets of 

measurements in the three frames to account for the missing or new targets. As an illustration, 

associating kth target (𝑘 ≠ 0) in frame 𝑡 − 2∆𝑡 to target 𝑗 = 0 in frame 𝑡 − ∆𝑡 means that target k 

is missing in this frame due to occlusion or false negative detection, while associating ith target 

(𝑖 ≠ 0) in frame 𝑡 to target 𝑗 = 0 indicates creating a new label for the measurement in frame 𝑡 

that was not appeared or detected in the previous frame 𝑡 − ∆𝑡 or is a false positive. By defining 

such an index for a dummy target and then excluding it from the set of assignment constraints in 

(7), the algorithm can employ the data association for different total numbers of measurements in 

successive frames. Hence, although the association for real targets in frame 𝑡 with non-zero-

indexed targets at frame 𝑡 − ∆𝑡  would be one-to-one, the dummy target in frame 𝑡  can be 

associated with any number of targets in the range of [0, 𝑁 𝑡 − ∆𝑡 + 1]. 

Since the 3-D assignment problem is NP-hard, it needs to be solved for a very large 

number of targets using a heuristic method for a near optimal solution in real-time. In this work, 

we use the branch and bound algorithm for efficiency; hence, the permutation matrix can ensure 

the one-to-one assignments. However, other methods such as Hungarian method (for square 

matrices) or Munkres algorithm (for rectangular matrices) can be applied as well. 

 

D. Dynamically Adjusted Contribution of Features 

As discussed before, a significant challenge in the affinity-based data association is the 

appropriate selection of weights for contributing features. The challenge would be considered in 

two aspects: 1) effectiveness, since the global optimal solution can be highly sensitive to these 

weights, depending on the scenario; and 2) efficiency, as extracting higher-order features (like 

color histogram for appearance compared to location feature) and estimating model statistics 
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based on these features add to the computational complexity of the problem, and hence should be 

avoided, unless necessary. This is more critical in solving higher-dimensional assignment 

problems, due to their NP-hardness. Therefore, proper selection of the feature’s contribution 

weight highly depends on the scenario. In some scenarios (e.g. dense crowd tracking), the targets 

are very close to each other, which makes the location-based association very inconsistent, while 

in other scenarios (e.g. targets wearing matching outfits) the color histograms are so similar that 

associating the targets based on their appearances only would be ineffective. On the other hand, 

it is not feasible, nor efficient to use a fixed combination of these features for different scenarios, 

regardless of the frame structure; since learning the appearance model when not required, only 

adds to the algorithm complexity and makes it inefficient for the online applications such as 

autonomous visual surveillance. Hence, the proposed algorithm considers the initial value of 

𝑤¨¥} 0 = 1 and changes it to lower values, only if the proposed metric suggests so. 

In this work, the normalized discriminative metric (Ndm) is designed to account for 

dispersion of targets in the current frame and can be computed for any feature. The dispersion 

metric that we are interested in, should characterize how close the targets in the frame are 

together, in terms of both location and appearance. Accordingly, we need to form clusters of 

targets based on the selected feature and considering a gating threshold parameter. This way, we 

can analyze the likelihood ratio of generating valid and optimal association solution. A 

discriminative measure of randomness for discrete random variable 	𝑪(𝑡)  consisting of m 

instances that provides us with such information is entropy 𝐻 𝑪(𝑡) , which is defined as 

 

 𝐻 𝑪(𝑡) = 𝐸 −𝑙𝑜𝑔, 𝑝 𝑪(𝑡) = − 𝑝 𝑐-(𝑡) 𝑙𝑜𝑔, 𝑝 𝑐-(𝑡)8
-9/  (8) 
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where 𝑐- 𝑡 ;	i=1,…,m is the ith data cluster formed in the dataset at time t, and 𝑝 𝑐-(𝑡)  represents 

the probability of that cluster. Base 2 for the 	𝑙𝑜𝑔  function is considered based on Shannon 

Entropy equation (Shannon 1951). In this work, we use the ratio of the number of targets in 

cluster i over the total number of targets 𝑁(𝑡) in frame t as 𝑝 𝑐-(𝑡) . The ideal dispersion of 

targets in frame t for data association, would be for each target to form a single cluster of size 1, 

so that the probability of other targets drop in the gating area of each other in the successive 

frames would be minimized. Hence, we use the maximum entropy for 𝑁(𝑡) as a measure of ideal 

dispersion for optimal data association based on the selected feature (location or appearance) and 

define a metric 𝑁𝑑𝑚 𝑪(𝑡)  based on 𝐻 𝑪(𝑡)  to decide on the optimal weight parameter as a 

result of clustering (k clusters). 

 

 𝑁𝑑𝑚 𝑪(𝑡) =
𝑝 𝑐𝑖(0) 𝑙𝑜𝑔2 𝑝 𝑐𝑖(0)

𝑚
𝑖=1

− 𝑙𝑜𝑔2𝑁(0)
. (9) 

 

Here, the denominator 𝑙𝑜𝑔, 𝑁(𝑡) represents the maximum entropy where there are 𝑁(𝑡) 

clusters with 1 target each. This normalized value would be in the range of [0,1] and can be 

computed based on results of any feature clustering (e.g. 𝑁𝑑𝑚Ç 𝑪(𝑡)  based on location and 

𝑁𝑑𝑚� 𝑪(𝑡)  based on appearance). The proper weight is then determined dynamically based on 

evaluation of this normalized metric as a function of time. To this end, the algorithm first 

computes the location-based metric 𝑁𝑑𝑚Ç 𝑪(𝑡)  according to the position distribution of the 

targets in the frame and compares it with a preset lower limit (LL). Depending on the results of 

this comparison, three cases may occur: 1) If the value is higher than this LL, the initial value of 

𝑤¨¥} 𝑡 = 1 would be preserved for the current frame as well; 2) Otherwise, the appearance 

distribution of the targets is also computed and the appearance-based metric 𝑁𝑑𝑚� 𝑪(𝑡)  is 
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compared to LL; If the value is higher and passes the test, 𝑤¨¥} 𝑡  is set to 0, so that the 

association would be based on appearance only with higher discriminative power for more 

effective and accurate results; 3) Lastly, for values of both 𝑁𝑑𝑚Ç 𝑪(𝑡)  and 𝑁𝑑𝑚� 𝑪(𝑡)  lower 

than the LL, the algorithm selects a combination of location and appearance features for 

effective, yet efficient data association. In this work, 𝑤¨¥} 𝑡 = 0.5 is selected in case (3) as the 

ideal and safe combination of the two features (i.e. location and appearance) as the empirical 

experiments suggest (see Section IV). It is noted that if the number of targets in successive 

frames are different (e.g. 𝑁(𝑡) ≠ 𝑁(𝑡 − ∆𝑡) ), the decision would be made based on 

min 𝑁𝑑𝑚Ç 𝑪(𝑡) , 𝑁𝑑𝑚Ç 𝑪(𝑡 − ∆𝑡)  for a conservative policy in data association. 

Since the number of clusters varies depending on the frame structure and is not fixed for 

all scenarios, flat clustering methods such as K-means is not proper for online applications. 

Hence, a hierarchical clustering technique shall be used for successive arrangement of clusters in 

a hierarchy, which will be pruned later, based on the gating threshold 𝐺  on the pair-wise 

dissimilarity function (here, Jaccard dissimilarity score). In this work, we adopt the bottom-up 

agglomerative algorithm which begins with every target representing a singleton cluster, and 

merges two closest clusters into one at each step until it reaches one single cluster for all targets. 

The clustering dissimilarity function used in this work is the average linkage which computes the 

average between-class distances among all pairs of targets in the two clusters. The rationale to 

use this function is its higher statistical consistency compared to other functions such as single or 

complete linkage. The average linkage between two clusters 𝑐- 𝑡  and 𝑐6 𝑡  is defined as 

 

 𝐿 𝑐- 𝑡 , 𝑐6(𝑡) = (𝑁(𝑡))2

𝑝 𝑐𝑖(𝑡) 𝑝 𝑐𝑗(𝑡)
𝐷 (𝐱, 𝐲)𝐲∈}Ê(0)𝐱∈}+(0) . (10) 
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As mentioned earlier, after achieving the hierarchical clustering of the detected targets in 

the frame t based on both location and appearance features structure of the scenario, the proposed 

method prunes the cluster tree based on the gating threshold parameter 𝐺  to form the final 

clusters of targets. This cluster set 𝑪(𝑡)  now can be used in computing the entropy and 

𝑁𝑑𝑚 𝑪(𝑡)  to adjust the weight parameter for optimized data association results. Fig. 2 shows 

the dendrogram of a hierarchical trees in terms of location and appearance for a snapshot of 

Dataset1 (PETS09-S2L1) [29] as well as the pruning effect which results in the final cluster sets. 

 

 

Fig. 2. Applying agglomerative clustering on a scenario with 15 detected targets after pruning the hierarchical 

trees at the gating threshold: (a) the detected targets with final clusters based on location feature shown as 

dotted circles; (b) clustering dendrogram for location, pruned at the threshold 𝐺Ç  on average pair-wise 

distances, with final clusters shown by red bars; (c) clustering dendrogram for appearance, pruned at the 

threshold 𝐺� on average pair-wise histogram dissimilarities, with final clusters shown by red bars. 

 

E. Applying the Gating Threshold 

Another contribution of the proposed method is adjusting the gating threshold to 

influence the accuracy of final results in complex scenarios. According to [30], the gating 

threshold is a design parameter and should be chosen wisely, so that it is large enough to resolve 
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ambiguities, while avoiding creation of unmanageable number of hypotheses. Although we do 

not apply it directly as a constraint on the K-D assignment formulation, the gating threshold is 

considered in different steps of the optimization algorithm. The rationale to do so is that, by 

applying a fixed gating threshold, the fast-paced targets may end up out of the gating area in the 

succeeding frames and hence, can be miss-associated with other targets or the zero-indexed 

dummy target. However, even a dynamically adjusted threshold may still have shortcomings in 

capturing all true positives in the gating area, if it is not large enough. It is noted that by 

increasing the gating area size, the computational complexity is also increased and the logic for 

applying a threshold at the first place is no longer true. Furthermore, by applying smaller 

thresholds and adding a set of constraints on the pair-wise distances in terms of location of the 

targets, 1 − 𝑆¨¥}
-6� 𝑡 𝑍-6� 𝑡 ≤ 𝑡ℎ𝑟𝑒𝑠ℎ; 	∀𝑖, 𝑗, 𝑘 , the 3-D assignment problem may become 

infeasible. 

Therefore, in this work, we apply the threshold for data association in 2 ways: 1) through 

pruning the hierarchical clusters for computing the 𝑁𝑑𝑚Ç 𝑪(𝑡)  and 𝑁𝑑𝑚� 𝑪(𝑡) , and selecting 

an appropriate weight, as discussed in Section III-D; and 2) through adjusting the similarities or 

dissimilarities between the real targets in one frame and the dummy target in the other frame. 

Regarding application of the threshold on hierarchical clustering, the concept of 

Mahalanobis distance is used. Since potential observations of the tracked target i are assumed to 

be normally distributed with mean 𝑌-  and covariance ℇ- , the resulting state estimation errors 

would be normal standard. Hence, the Mahalanobis distance 𝑑-6, = 𝑌- − 𝑌6
�ℇ-./ 𝑌- − 𝑌6  

between measurements j and track i in two successive frames follow chi-square distribution with 

n (dimension of the feature vector) degrees of freedom. Such a measure is appropriate for 

comparing groups of random variables, considering their correlation, while handling their 
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different scales. Therefore, it is widely used in cluster analysis and classification techniques. If 

𝑑-6,  between a new measurement j and the estimated state of a track i is less than a threshold G, 

the measurement would be considered valid (in terms of feasibility, not optimality) and can be 

associated with the track. The probability of a valid measurement falling inside the gating area 

would then be the confidence level (1 − 𝛼), when Type I error is considered 𝛼 (false positive), 

which means 𝑃 𝑑-6, ≤ 𝐺 = 1 − 𝛼. Hence, an optimum threshold G would be estimated as 𝐺 =

𝜒(/.Î),:, . Here, n would be two for location feature (2-D) and three for the color-based 

appearance feature (3-D). However, since we want to estimate the threshold on the clustering 

hierarchy, a modification is required. For within the frame Mahalanobis distances between 

targets 𝑖  and 𝑖′  in the same frame, 𝑑--d, > 𝐺  represents a situation where targets 𝑖  and 𝑖′  may 

switch IDs with probability 𝛽 (false negative), although they are not close enough or in the same 

cluster and hence, 𝑃 𝑑--d, ≤ 𝐺 = 1 − 𝛽  is the clustering power. Consequently, the optimum 

threshold on the hierarchical clustering would be 𝐺 = 𝜒 /.Ð ,:
,  for an n-D feature. For the special 

case of n=2 (e.g. location feature), the probability of 𝑃 𝑑--d, ≤ 𝐺  can be approximated by 1 −

𝑒.0Ñ , and hence, 𝐺Ç = −2ln	 𝛽. 

For dimensionality of greater than 2 (e.g. appearance feature), the cumulative chi-squared 

distribution should be consulted. The normalized version of this threshold 𝐺 is then applied on 

the pair-wise distances in terms of Jaccard dissimilarity score, for clustering purpose. 

Regarding the application of the threshold on affinity function, since the initial values for 

the location and appearance features of the dummy target are all set to 0, the similarities between 

each target and this dummy target would be 𝑆 = 0 (i.e. the dissimilarities would be 𝐷 = 1). 

Hence, the set 𝑍-6� 𝑖×𝑗×𝑘 = 0 = 0  in the final global optimal solution, which means there 
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are no missed or new targets. To avoid such an error, the algorithm applies a function to adjust 

these values based on the selected threshold and the structure of similarity matrix. After 

formation of 𝑆¨¥}
-6� 𝑡  and 𝑆§��

-6� 𝑡 	matrices, the similarity value of the 0𝑗𝑘th element is updated 

with 1 − 𝑡ℎ𝑟𝑒𝑠ℎ , only if max
-
𝑆-6� 𝑡 < 1 − 𝑡ℎ𝑟𝑒𝑠ℎ . The same procedure holds for the max 

function over j and k for updating 𝑆-Á� 𝑡  and 𝑆-6Á 𝑡 , in both location-based and appearance-

based matrices. In this way, some associations of real-dummy targets would appear in the global 

optimal solution, if the similarities of those targets with all the other real targets in the other 

frame are less than the preset value. Hence, the proposed function mimics application of the 

gating area with size 𝑡ℎ𝑟𝑒𝑠ℎ, without risking the infeasibility of final solution or generating 

miss-associations for fast-paced targets. According to [31], the optimal value for the gating 

threshold parameter in general depends on the application, the number of targets (𝑁(𝑡)), the 

frame update rate (1 ∆𝑡), and the distance measure used, and can be adjusted for different cases. 

For instance, the higher the frame update rate is, the smaller the gating threshold would be. 

 

IV. RESULTS AND DISCUSSION 

We have conducted a series of experiments in order to demonstrate and verify the 

proposed data association method based on dynamically adjusted affinity function. In this regard, 

some image sequences recorded via a UAV were used in addition to a number of publicly 

available datasets (e.g. PETS 2009 [29] and MOT challenge 2015 [32]) that are designed mostly 

for testing tracking-by-detection algorithms, from different view-angles to mimic views of aerial 

(e.g. UAV) and ground-based (e.g. UGV) cameras. 

The major performance metric in terms of the effectiveness in this work is the multi-

target data association accuracy ratio (𝐴𝑅) which is reversely related to the ratio of mismatches 
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(𝑚𝑚𝑒), presented in [31]. Mismatches can happen when two or more targets are swapped as they 

coincide or pass close by, or when a target is associated with a new ID after occlusion, or when a 

real target that was existing previously is associated with a dummy target. The accuracy ratio 

𝐴𝑅Ò 𝑡  for K-D assignment is hence defined as, 

 

 𝐴𝑅Ò t = 1 − mme(τ)τ

K−1 .max
θ

N(θ)  (11) 

 

where 𝑚𝑚𝑒(𝜏)  is the number of mismatches or ID-switches for track 𝜏 , max
Ô

𝑁(𝜃)  is the 

maximum number of targets among the frames considered for data association ( 𝜃 ∈ 𝑡 −

𝐾 − 1 ∆𝑡, … , 𝑡 − ∆𝑡, 𝑡 ), and K is the number of frames considered for solving the K-D 

assignment problem. 

In this work, we have considered 𝛽=0.10 for running experiments and hence, 𝐺 = 0.25. 

The lower limit on the Ndm (see Section III-D) is also set to 𝐿𝐿 = 0.65 and is reversely related 

to the selection of the value 𝐺, so that for higher test powers which result in lower 𝐺, 𝐿𝐿 needs to 

be higher for more effective results. Fig. 3 shows the statistical comparison between two 

different scenarios of Dataset1 (PETS09-S2L1) [29], in which location and appearance features 

have different dispersions and hence, can affect the final results, greatly. Moreover, the 

performance based on different weights of location (𝑤¨¥} 𝑡 ) is depicted in Fig. 3(c) for analysis 

purposes. As shown in Fig. 3(a), when the targets are very close (two-by-two), 𝑁𝑑𝑚Ç 𝑪(𝑡)  is 

critically low, which according to the discussion in Section III-D suggests that initial value of 

𝑤¨¥} 𝑡 = 1 is not effective and the appearance normalized metric should also be calculated. 

Now, since 𝑁𝑑𝑚� 𝑪(𝑡)  is high enough, we will update the weight to 𝑤¨¥} 𝑡 = 0, so that the 

association would be based on appearance only. However, for a different scenario in Fig. 3(b), 
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the targets are scattered enough location-wise, while there are some similarities in term of targets 

appearances. Hence, in this case, 𝑁𝑑𝑚Ç 𝑪(𝑡)  is very high (maximum entropy) and there is no 

need to update the weight value, which will stay at 𝑤¨¥} 𝑡 = 1 . This discussion is also 

confirmed by the effectiveness-weight diagram in this figure. 

 

 

Fig. 3. Feature extraction for different scenarios of Dataset1 to analyze the effects of targets dispersion 

on the performance measure: (a) a scenario of 4 targets very close to each other; (b) a scenario of 4 targets, 

with 2 very similar to each other; (c) the comparison of 𝐴𝑅� as a function of 𝑤¨¥}  for the two scenarios. 

 

Through the experiments and the discussion in Section III-D, we have shown that the 

selection of 𝑤¨¥} 𝑡  can significantly affect the algorithm performance based on the statistics of 

the frame (especially 𝑁𝑑𝑚Ç 𝑪(𝑡)  and 𝑁𝑑𝑚� 𝑪(𝑡) ). Although the values of 𝑤¨¥} 𝑡  close to 0 

and close to 1 may greatly affect the accuracy (effectiveness) depending on the scenario and 

Ndm values (high similarities in location or appearance), the mid-range values of 𝑤¨¥} 𝑡  (around 

0.4 to 0.7) are prone to produce 𝐴𝑅Ò = 100%. This may suggest that we can always set 𝑤¨¥} 𝑡  

at 0.5 for both location and appearance to contribute identically, in order to avoid adjusting the 

contribution of these features, dynamically. However, the rationale to use dynamically adjusted 

weights based on real-time data is that, the original K-D assignment problem for solving the data 

association was proposed based on location only. Although some scholars have recently tried to 
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add the appearance model of the targets (based on techniques such as machine learning), it will 

always add to complexity of the algorithm. This is more significant for a higher number of 

targets in the frame (𝑁 𝑡 ) or a higher number of frames (K) in the multi-dimensional assignment 

problem. Hence, in the proposed method, we initialize 𝑤¨¥} 𝑡 = 1 to use location only on a 

regular basis for data association, and in the meanwhile compute 𝑁𝑑𝑚Ç 𝑪(𝑡) . Whenever such 

metric suggests that location might not be the best discriminative feature to associate the targets 

together correctly, the algorithm updates 𝑤¨¥} 𝑡  to lower values, based on the procedure 

discussed in Section III-D. This way, the algorithm postpones analysis of the appearance data 

(color histogram in its naïve form) and estimating 𝑁𝑑𝑚� (which would be a burden for higher 

order problems in terms of K and 𝑁 𝑡  in real-time applications), until required. 

Fig. 4 represents the performance as a function of 𝑤¨¥} 𝑡 , 𝑁𝑑𝑚Ç, and 𝑁𝑑𝑚�. For this set 

of experiments, the interval between successive frames is ∆𝑡 = 5, so that the changes in location 

and appearance are more abrupt and hence, the association is more challenging. When running 

the experiments with ∆𝑡 = 1, almost all weights produced 100% accuracy (𝐴𝑅Ò 𝑡 = 1) on the 

same datasets. However, the efficiency dropped due to a higher update rate and more 

computational requirements. In Fig. 4(a), the effectiveness of data association algorithm is 

evaluated for both 2-D and 3-D assignment methods 𝐴𝑅Ò 𝑡 𝐾 = 2,3 , based on different values 

of 𝑤¨¥} 𝑡 . Using the data from Dataset1 and Dataset2 (TUD-Stadtmitte) [32], the sample mean 

and standard deviation of the accuracy ratio are estimated for comparison purposes. It is noted 

that the data association results on Dataset1 outperform Dataset2 at the lower values of 𝑤¨¥} 𝑡 , 

while at the higher values close to 𝑤¨¥} 𝑡 = 1 Dataset2 provides slightly better accuracy. This 

suggests that the association of measurements based on location only (𝑤¨¥} 𝑡 = 1) is more 

challenging in Dataset1 due to targets proximities, while Dataset2 suffers from frequent 
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occlusions of targets, which makes the data association based on appearance only (𝑤¨¥} 𝑡 = 0) 

more difficult. Moreover, for most of the weights in Dataset1, the 2-D assignment performs 

slightly better than the 3-D assignment, which seems intuitive due to fewer number of 

association; however, the differences are not significant. It is noted that the 3-D assignment can 

assist the tracking algorithm in longer runs by creating more reliable tracklets and compensating 

for mismatches. Moreover, the standard deviation and hence, the uncertainty of the results in 2-D 

version is higher than 3-D association, while the overall efficiency of the system increases. 

 

 

Fig. 4. Impacts of 𝑤¨¥} and Ndm on the performance measure: (a) the comparison of mean and 

standard deviation of 𝐴𝑅Ò for K=2, 3 on Dataset1 with 795 and Dataset2 with 179 frames; (b) Analysis of 𝐴𝑅� 

values for the nine under-performed frame sequences in Dataset2, where 𝑁𝑑𝑚Ç and 𝑁𝑑𝑚� play key roles in 

defining the optimal value of 𝑤¨¥} for increased effectiveness. 

 

Fig. 4(b) shows the detailed results of a few frames of Dataset2, for which, the data 

accuracy ratio falls below 100% at specific values of 𝑤¨¥} 𝑡 . The radial axis represents different 

values of 𝑤¨¥} 𝑡 , while the intervals on each spoke depicts the accuracy ratio. As shown in this 

figure, the normalized metric of 𝑁𝑑𝑚Ç plays a key role in predicting at what values of 𝑤¨¥} 𝑡  a 

better accuracy would be achieved. Here, whenever the value of 𝑁𝑑𝑚Ç	drops below 𝐿𝐿 (shown 
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by red font) the algorithm avoids data association with 𝑤¨¥} 𝑡 = 1 and checks 𝑁𝑑𝑚�. Now, if 

𝑁𝑑𝑚�  is greater than 0.65, 𝑤¨¥} 𝑡 = 0  would be considered as the optimum parameter; 

otherwise, a trade-off value of 𝑤¨¥} 𝑡 = 0.5 is set for data association. Such results confirm the 

proposed discussion in Section III-D. 

Fig. 5 shows a number of challenging image series with ∆𝑡 = 5 for different datasets. 

Three snapshots of a video recorded via a flying UAV is shown in Fig. 5(a), where at the first 

frame, 4 targets are detected (2 targets are so close that they are detected as a unified group by 

the detection algorithm) and in the next frames 5 individual targets are recognized. Since the 

value of 𝑁𝑑𝑚Ç is very low for this image sequence (=0.31), while 𝑁𝑑𝑚� is sufficiently large, 

the algorithm considers updating 𝑤¨¥} 𝑡  to 0. Such discussion is confirmed by the significant 

drop in the performance measure as 𝑤¨¥}  increases, for this dataset (see Fig. 5(e)). In Fig. 5(b), a 

3-frame sequence of Dataset1 is represented, in which targets 1, 5, and 7 briefly coincide and 

pass each other; hence, their location variables are very similar. It is also noted that targets 1 and 

7 are very similar in their appearances; however, based on the table of metrics in Fig. 5(e), the 

value of 𝑁𝑑𝑚Ç = 0.52 (including targets 2, 3, and 4 proximity) is very critical and considering 

𝑁𝑑𝑚� = 0.9, the best performance is expected at 𝑤¨¥} 𝑡 = 0, as shown by the graph of Fig. 

5(e). 
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Fig. 5. The results of applying proposed method on a number of challenging sequences for different 

datasets: (a) a sequence of 4, 5, and 5 targets labeled in a video recorded by UAV; (b) a sequence of 7, 7, and 7 

targets labeled in Dataset1; (c) a sequence of 6, 7, and 7 targets labeled in Dataset2; (d) a sequence of 15, 15, 

and 16 targets labeled in Dataset3; (e) the changes of performance measure (𝐴𝑅�) as a function of 𝑤¨¥} and the 

values of the discriminative metric (𝑁𝑑𝑚Ç, 𝑁𝑑𝑚�). 

 

A similar justification for low value of 𝑁𝑑𝑚Ç is applied to Fig. 5(c) on Dataset2, while it 

also suffers from frequent occlusions. Targets 3, 6, and 7 as well as targets 4 and 5 occlude each 

other in different frames and hence, cause very similar appearances (𝑁𝑑𝑚� = 0.59). Therefore, 

for this dataset the best weight combination for optimal performance occurs at 𝑤¨¥} 𝑡 = 0.5, as 

approved by Fig. 5(e). Finally, Fig. 5(d) shows the experimental results on 3 frames of Dataset3 

(PETS09-S2L2), where a higher number of targets need to be associated. For this sequence, 

since 𝑁𝑑𝑚Ç = 0.78 passes the lower limit test (LL = 0.65), there is no need to compute the 

appearance similarity scores and the algorithm can proceed with 𝑤¨¥} 𝑡 = 1 for faster and more 

efficient, yet effective results. 
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As another set of experiments, the effects of the gating threshold parameter on the data 

association performance metric is studied in this work. Fig. 6 shows the changes of the accuracy 

ratio (𝐴𝑅,) as a function of both the gating threshold (𝑡ℎ𝑟𝑒𝑠ℎ) and the location weight (𝑤¨¥}) on 

the Dataset2. This dataset has a better overall performance on higher values of 𝑤¨¥} as confirmed 

in Fig. 4(a) before.   

 

 

Fig. 6. Impact of the gating threshold parameter on the performance measure as a function of 𝑤¨¥} and 

𝑡ℎ𝑟𝑒𝑠ℎ for Dataset2. 

 

As noted in Fig. 6, when applying 𝑡ℎ𝑟𝑒𝑠ℎ = 0, almost all the associations are incorrect, 

as only the completely static targets with fixed location and appearance, may be associated 

correctly, and all other targets are associated with the dummy target. By increasing the gating 

threshold, the accuracy ratio is greatly improved, which is intuitive, due to the increased feasible 

solution space; however, for values of 𝑡ℎ𝑟𝑒𝑠ℎ ≥ 0.4 the performance remains the same, which 

suggests the algorithm is not very sensitive to high values of threshold, because after 𝑡ℎ𝑟𝑒𝑠ℎ =

0.5, the added possible solutions (with higher dissimilarities and hence, lower similarities) are 
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not likely to be included in the optimized solution anymore. On the other hand, by increasing the 

gating threshold and hence, feasible solution space, the efficiency of the algorithm is decreased, 

as a greater set of possible solutions need to be evaluated towards solving the problem. 

Therefore, in this work we set the gating threshold parameter to 𝑡ℎ𝑟𝑒𝑠ℎ = 0.4 for effective, yet 

efficient data association. 

 

V. CONCLUSIONS AND FUTURE WORK 

In this work, an effective and efficient method was proposed for association of multiple 

targets, based on dynamically adjusted affinity score and a revisited GNN framework for solving 

K-D assignment problem. The original affinity score is a weighted sum function of location and 

appearance features, where the initial weight of location is set to 1 (i.e. weight of appearance is 

zero) for efficiency, and at every frame with new measurement, its value is updated based on a 

novel normalized discriminative metric, describing the new dataset (i.e. measurements) statistics. 

Moreover, the data association gating threshold is applied in two ways, through pruning the 

hierarchical clusters of measurements for estimating the normalized discriminative metric, and 

through adjusting the real-dummy targets similarity scores in the affinity function towards 

finding the optimal solution of K-D assignment. In order to achieve higher efficiency for online 

visual surveillance, the algorithm is applied on every ∆𝑡 > 1 frames and yet preserves the high 

data association accuracy. The experimental results on different image sequences of crowd with 

different view-angles from our UAV’s camera as well as publically available datasets 

demonstrated the effectiveness of the proposed method. More specifically, the quantitative 

studies on variation of the proposed performance metric (i.e. multi-target data association 

accuracy ratio) versus different key parameters of the model (e.g. weight, threshold, and number 
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of frames) have been conducted and revealed promising results for the proposed method. As a 

future work, we plan to apply this effective and efficient method as an input to target tracking 

and identification in a visual surveillance system using unmanned vehicles. Future studies will 

also be conducted for data fusion from different types of sensors based on the data association 

results. 
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