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ABSTRACT 

 

Object detection is crucial for many research areas in computer vision, image analysis 

and pattern recognition. Since vehicles in wide-area images appear with variable shape and 

size, illumination changes, partial occlusion, and background clutter, automatic detection 

has often been a challenging task. We present a brief study of various techniques for object 

detection and image segmentation, and contribute to a variety of algorithms for detecting 

vehicles in traffic lanes from two low-resolution aerial video datasets. We present twelve 

detection algorithms adapted from previously published work, and we propose two 

post-processing schemes in contrast to four existing schemes to reduce false detections. We 

present the results of several experiments for quantitative evaluation by combining 

detection algorithms before and after using a post-processing scheme. Manual segmentation 

of each vehicle in the cropped frames serves as the ground truth. We classify several types 

of detections by comparing the binary detection output to the ground truth in each frame, 

and use two sets of evaluation metrics to measure the performance. A pixel classification 

scheme is also derived for spatial post-processing applied to seven detection algorithms, 

among which two algorithms are selected for sensitivity analysis with respect to a range of 

overlap ratios. Six tracking algorithms are selected for performance analysis for overall 

accuracy under four different scenarios for sample frames in Tucson dataset. 



4 

 

ACKNOWLEDGMENT 

 

As the famous saying goes: “to the world you are just one person, but to one person, 

you may be the world.” I am sincerely grateful to every person who has directly or 

indirectly supported and helped me on the journey towards my thesis. First and foremost, 

my deepest gratitude comes for my research advisor, Professor Jeffrey J. Rodríguez, for his 

continuous guidance and warm-hearted encouragement towards my graduate study and 

work. I am truly thankful for his involving me in the research topic of image analysis for 

object detection and segmentation three and a half years ago. Despite his busy schedule in 

our department, he tried his best to take time meeting with students in our research group of 

Signal and Image Laboratory (SaIL) in regular time slots and sometimes even with extra 

appointments. He keeps on with us for many wonderful discussions in details towards the 

construction and improvement of considerable intriguing image analysis algorithms, the 

guideline of performing simulation and quantitative analysis, as well as regulations of 

technical writing and feedback reports for journal reviewers. In addition, I am extremely 

indebted to his protective guidance all the way towards my graduate study, especially 

during my hard time of looking for a matched research area with advisor since my 

enrollment in the department. As a true man of principle, character, friendship and love, 

Prof. Rodríguez also symbols for the spiritual model among us by his personal examples as 

verbal instructions, while his directions towards the cooperative, harmonious atmosphere 

during regular lab meeting and office hours, which often become unforgettable memory in 

our heart and soul. Without his continuous support, pushing and shaping, I would have 

never come this far. 

I am truly grateful to Prof. Michael W. Marcellin, Prof. Ali Bilgin and Prof. Ivan B. 

Djordjević for their supervisions on my report and presentation during my Written 

Comprehensive Exam. Again I also owe special thanks to Prof. Michael W. Marcellin, Prof. 

Bane Vasić, Prof. Rabi Bhattacharya (Department of Mathematics) together with my 

advisor for serving as my Oral Comprehensive Exam Committee. I learned and benefited 

from their talks with me during office hours and appointments for practicing sample 

questions and exchanging helpful ideas in preparing exams and pursuing research. 



5 

 

Besides, I would also like to express my gratitude for any other faculty with whom I 

worked as teaching assistant (TA) or research assistant (RA) in the past six years: Prof. 

Amar Gupta in Eller College of Management (now at Pace University, New York), Prof. 

Michael E. Gehm, Prof. Janet Wang Roveda, Prof. Bane Vasić, Prof. Ali Bilgin, Prof. 

Nathan A. Goodman (now at Oklahoma University), Prof. Markus Tuller in Dept. of Soil 

and Water Environmental Science (SWES) and Prof. Amit Ashok; Prof. William P. 

Robbins, Prof. Bruce F. Wollenberg, Prof. Ted K. Higman, Nang Tran, Dr. Alfonso Cano 

and Prof. Paul P. Ruden at University of Minnesota-Twin Cities. I am thankful to Prof. 

Tamal Bose, Prof. Hal Tharp and Prof. Kathleen Melde together with my advisor for their 

past administrative interactions towards my graduate study; I am also truly thankful to Prof. 

Mark Hickman, School of Civil Engineering, The University of Queensland, Australia, for 

providing the required image data for experiments. 

I owe special gratitude to my academic advisor, Prof. John C. Kieffer during my 

previous studies at the University of Minnesota-Twin Cities in 2009 to 2011, for his 

guidance of coursework and emotional support towards my graduate study. Sincere wishes 

for him to enjoy a peaceful life with his family, as well as leisure happiness as a spare-time 

researcher and writer before and after he became a Professor Emeritus in October 2011. 

The significant things in our life are not merely unseen beauty, but touchable memory 

in learning fresh courses in the Unites States. I am truly thankful to any other faculty 

(besides my advisor and committee members) who taught me in US graduate courses, 

seminars or qualifying exams before: Prof. Marwan Krunz, Prof. Onua Ozan Koyluoglu, 

Prof. Helen Hao Zhang, Prof. Michael Tabor, Prof. Thomas G. Kennedy, and Prof. Walter 

W. Piegorsch at the University of Arizona; Prof. Georgios B. Giannakis, Prof. Ahmes H. 

Tewfik, Prof. Nicolai V. Krylov, Prof. Nihar Jindal, Prof. Andrew Odlyzko, Prof. Yuhong 

Yang, Prof. Keshab K. Parhi, Prof. Emad S. Ebbini, Dr. Demoz Gebre-Egziabher, Dr. A. 

Bob Mahmmodi, Dr. Seung-jun Kim and Dr. Matthew Holzer during the period that I was 

pursuing graduate study at the University of Minnesota-Twin Cities. 

Similar as other research groups in the department, our SaIL lab is much more than a 

big family under my advisor’s direction. I have often exchanged useful new ideas, 

suggestions or criticisms, and supportive works from our discussions on my work during 



6 

 

these beneficial retreats such lab meetings, cooperative talks and group work. I would like 

to express my sincere thanks to the current and past members: Sundaresh Ram, José A. 

Rosado-Toro, Ramaprasad Kulkarni, Ding Ding, Rohit C. Philip, Douglas Todd, Tomoe 

Barr, Liang-Chih Huang, Abhishek Pandey, Vijai Thottathil Jayadevan, Ramya Malladi, 

Rodrigo Savage, Jianbo Shao and Yizhe (Sven) Liu. The opportunities to learn, develop 

and present our independent or cooperative work towards wonderful research topics has 

been memorial happiness during our graduate study and towards a prospective academic 

career or industrial field. With their companionship, support and generosity of time in 

advice, our life and development in research and study has become much more colorful and 

meaningful. 

I also wish to deliver my thankfulness to all other friends of mine, with whom we met 

or worked together during my graduate study, where I list their names below, including but 

not limited to: Diyang Chu, Yan Zhang, Xiaoju (Daisy) Yu, Qian Gong, Li Li, Bocan Hu, 

Ning Zhu, Mingguang Tuo, Xiong Wang, Dr. Lingling Pu, Feng Liu, Kun Zhang, He Zhou, 

Yequn (Mike) Zhang, Ding Zou, Changyu (Steven) Lin, Tao Liu, Vida Ravanmehr, 

Mohammed Fowzan Alfowzan, Rui Wang, Wei He, Long Cheng, Guanzhu Han, Juexuan 

Long, Ran Duan, Haoyang Guo, Shuai Chang, Elizabeth C. Marquez, Ling Han, Xinda Hu, 

Yuchun Li, Jinjin Liang, Ben Xu, Xin Zi, Ye Zhang, Philip Poon, Bruce Pollock, etc. in 

University of Arizona; Ziguo Zhong and Dan Wang, Lin Zi and Ye Sun, Hao Zhu, Xingjie 

Li, Hui Li, Jimeng Zheng, Lian Huai, Sixia Chen, Yu Zhang, Shi Yin, Xuefeng Liu, Hao 

Pang, Bing Zang, Guido Guiberto, etc. Thank you for our meetings and contacts that enrich 

my experience of life quite a lot. In addition, I wish to express my gratitude wholeheartedly 

towards Uncle Jie Li and Yuan Li for their useful suggestions on possible graduate schools 

in my major during overseas applications, brother Chuang Ji for his help and support, the 

Steve and Marie Mondy family for their courtesy and continuous friendship as my host 

family, and several other professors in my undergraduate college who kindly encourage and 

support my overseas study. 

In addition, I am truly grateful to Tami Whelan for her warm-hearted and responsible 

coordination as the graduate advisor for our graduate program. Special thanks to Prof. Ali 

Bilgin and Prof. Ivan B. Djordjević for serving the committee of my thesis defense. I would 



7 

 

also thank Christine C. Eisenfeld, Josie Ruiz, Nancy Emptage and Nancy Lindsay for their 

negotiations towards other kinds of technical support during my graduate study. 

Finally, I cannot express enough gratitude to my parents, Qinghong Pan and Jialin Gao, 

for their endless love and support towards my six-year-long journey for overseas study. Not 

only do they keep on guiding me the importance of diligent work, self-discipline, 

confidence, fortitude and interpersonal harmony, but also show the true love and support 

both spiritually and materially without further expectation of return. Last but not the least, I 

thank my wife, Ms. Huihui (Irene) Wang for her pure love, mutual understanding and 

loyalty with me. Her optimism, happiness and humor has always become a source of real 

life for me to overcome adversity, bitterness and hardship; though we are across the Pacific 

Ocean, her encouragement and devotion during my graduate study always inspires me to 

overcome difficulties and be more productive in research in the several years’ research and 

study at University of Arizona. Our little angel, Yuetian Gao, has been a source of love to 

gain strength and devote ourselves in the beloved research field. I also thank my 

parents-in-law for their understanding of our careers, for love and courteous help towards 

us, and also for taking care of our little baby for some time together with my parents. 

Thank you, and May God bless you with all my sincere blessings. 



8 

 

TABLE OF CONTENTS 

 

STATEMENT BY AUTHOR........................................................................... 2 

APPROVAL BY THESIS DIRECTOR .......................................................... 2 

ABSTRACT ...................................................................................................... 3 

ACKNOWLEDGMENT.................................................................................. 4 

TABLE OF CONTENTS ................................................................................. 8 

LIST OF FIGURES ........................................................................................ 10 

LIST OF TABLES .......................................................................................... 12 

LIST OF ABBREVIATIONS ........................................................................ 14 

 

CHAPTER 1  INTRODUCTION ............................................................... 16 

1.1 Motivation ........................................................................................................... 16 

1.2 Challenges ........................................................................................................... 17 

1.3 Objectives............................................................................................................ 18 

1.4 Contributions ....................................................................................................... 21 

CHAPTER 2  DETECTION ALGORITHMS .......................................... 22 

2.1 Motivation ........................................................................................................... 22 

2.2 Categorization of Detection Algorithms ............................................................. 22 

2.3 Adapted Algorithms ............................................................................................ 24 

2.4 Other Methods and Proposed Algorithms ........................................................... 28 

2.5 Summary ............................................................................................................. 29 

CHAPTER 3  REGION SEGMENTATION ............................................. 30 

3.1 Motivation ........................................................................................................... 30 

3.2 Thresholding Techniques .................................................................................... 30 

3.3 Region Segmentation .......................................................................................... 31 

3.4 Concluding Remarks ........................................................................................... 32 

CHAPTER 4  POST-PROCESSING SCHEMES ..................................... 33 

4.1 Existing Post-Processing Schemes ...................................................................... 33 

4.2 Proposed Two-Stage Scheme .............................................................................. 35 

4.3 Proposed Three-Stage Scheme ............................................................................ 35 

4.4 Summary ............................................................................................................. 36 

 

 



9 

 

TABLE OF CONTENTS (CONTINUED) 

 

CHAPTER 5  EXPERIMENTAL RESULTS ............................................ 37 

5.1 Datasets ............................................................................................................... 37 

5.2 Error Classifications ............................................................................................ 37 

5.3 Evaluation Metrics .............................................................................................. 38 

5.4 Six Detection Algorithms Each Combined with a Post-Processing Scheme ...... 40 

5.5 Contribution to VMO-Based Scheme: Average F-Score Comparison and 

Sensitivity Analysis ............................................................................................ 45 

5.6 Performance Analysis of Detection Algorithms Before and After the Four Post- 

Processing Schemes and the Proposed Two-Stage Scheme ............................... 48 

5.7 Average F-Score Comparison: Verification of the Proposed Three- Stage Scheme 

and Matching Process ......................................................................................... 63 

5.8 Ten Detection Algorithms Combined with Best Matched Post-Processing 

Schemes .............................................................................................................. 66 

5.9 Visual Comparison and Computational Efficiency ............................................. 80 

5.10  Performance Evaluation of Other Models and Proposed Algorithms .......... ….82 

5.11  Summary ............................................................................................................. 85 

CHAPTER 6  PROPOSED PIXEL CLASSIFICATION SCHEME ...... 86 

             FOR AERIAL VEHICLES ................................................. 86 

6.1 Motivation ........................................................................................................... 86 

6.2 Labeling Policy ................................................................................................... 87 

6.3 Proposed Algorithm ............................................................................................ 91 

6.4 Experiments ........................................................................................................ 92 

6.5 Summary ........................................................................................................... 101 

CHAPTER 7  PERFORMANCE ANALYSIS OF TRACKING 

ALGORITHMS .................................................................. 102 

7.1 Motivation ......................................................................................................... 102 

7.2 Summary of Tracking Algorithms..................................................................... 103 

7.3 Experiments ...................................................................................................... 104 

7.4 Discussion ......................................................................................................... 114 

CHAPTER 8  CONCLUSIONS AND FUTURE WORK ....................... 115 

8.1 Conclusions ....................................................................................................... 115 

8.2 Future Work ...................................................................................................... 116 

 

BIBLIOGRAPHY ........................................................................................ 117 



10 

 

LIST OF FIGURES 

 
1.1  Original aerial frame from Tucson dataset ............................................................ 19 

1.2  Original aerial frame from Phoenix dataset ........................................................... 19 

 

5.1  Comparison of visual vehicle detection results from the six algorithms. ORG and 

GT are permuted in the first and last column. ...................................................... 42 

5.2  Quantitative measures of precision, recall, and F-score for the six detection 

algorithms. ............................................................................................................ 43 

5.3  Average F-score of VMO vs. number of iterations (left: Tucson dataset; right: 

Phoenix dataset). ................................................................................................... 47 

5.4  Average F-score of VMO vs. threshold scaling factor (left: Tucson dataset; right: 

Phoenix dataset). ................................................................................................... 47 

5.5  Comparison of precision for each algorithm: before (top) and after (bottom) the 

proposed post-processing. .................................................................................. 51 

5.6  Comparison of recall for each algorithm: before (top) and after (bottom) the 

proposed scheme. ................................................................................................. 52 

5.7  Comparison of F-score for each algorithm: before (top) and after (bottom) the 

proposed scheme. ................................................................................................. 53 

5.8  Original images (ORG) and visual comparison of vehicle detections via the five 

detection algorithms before and after the proposed scheme. (rows 1-2. Tucson 

dataset; rows 3-4. Phoenix dataset) ...................................................................... 55 

5.9  Visual comparison on vehicle detections: VMO, FDE and MF combined with 

each of the five post-processing schemes ........................................................... 58 

5.10  Comparison on basic IR metrics of five schemes and no post-processing: (a) 

VMO, (b) FDE, (c) MF (Zheng’s scheme) ......................................................... 60 

5.11  Comparison on CLEAR metrics [26, 27] of five schemes and no post-processing: 

(a) VMO, (b) FDE, (c) MF (Zheng’s scheme) ................................................... 61 

5.12  Precision, recall and F-score of ten detection algorithms before post-processing 

(top: Tucson, bottom: Phoenix) .......................................................................... 71 

5.13 Comparison on precision, recall and F-score for each detection algorithm 

combined with two post-processing schemes (Tucson dataset) ......................... 73 

5.14 Comparison on precision, recall and F-score for each detection algorithm 

combined with two post-processing schemes (Phoenix dataset) ........................ 74 

5.15 Visual comparison on ten algorithms each combined with two post-processing 

schemes ............................................................................................................... 81 



11 

 

LIST OF FIGURES (CONTINUED) 

 

   6.1  Performance evaluation of LPT and MMA with different quantitative metrics 

(overlap ratio = 0: 5: 35%), Tucson dataset……………………………….….…99 

6.2  Performance evaluation of LPT and MMA with different quantitative metrics   

(overlap ratio = 0: 5: 35%), Phoenix dataset……………....................................100 

 

   7.1  Sample results of tracked vehicles with respect to object tracking methods.…105 

   7.2  Occlusion handing on the 36th vehicle……..……………..........................…..107 

   7.3  Negligible motion on the 8th vehicle………………….…..…………………..109 

   7.4  Background clutter on the 10th vehicle…..……………..……………….……111 

   7.5  Low contrast on the 29th vehicle………………………………………...……113 



12 

 

LIST OF TABLES 

 

5.1  Classification of detections on six algorithms in 100 frames / dataset .................. 41 

5.2  Performance evaluation of six detection algorithms (mean and 95% confidence 

interval; left: Tucson dataset, right: Phoenix dataset)........................................... 45 

5.3  Average F-score of VMO-based method combined with each of the five 

post-processing schemes (mean and 95% confidence interval) ........................... 46 

5.4  Classification on detections of each algorithm: before and after the proposed 

scheme for Tucson (T) and Phoenix (P) datasets ................................................. 49 

5.5  Percentage of wrong classifications (PWC) before and after the proposed 

post-processing (mean and 95% confidence interval) .......................................... 50 

5.6  Best overall parameters for VMO, FDE and MF .................................................. 56 

5.7  Best overall parameters for each post-processing scheme associated with VMO, 

FDE and MF ......................................................................................................... 56 

5.8  Classification on detections of VMO, FDE and MF each combined with five 

post-processing schemes ...................................................................................... 57 

5.9  PWC score comparison: VMO, FDE and MF combined with each of the five 

post-processing scheme in contrast to case of no post-processing (mean and 95% 

CI) ......................................................................................................................... 62 

5.10 Comparison of average F-score: the proposed three-stage scheme versus sieving by 

shape index. .......................................................................................................... 64 

5.11 Average F-score: ten object detection algorithms each combined with any of the 

five post-processing schemes (random 10 frames for each row on test), Tucson (T) 

dataset and Phoenix (P) dataset. ........................................................................... 65 

5.12  Quantitative results for ten algorithms with no-post-processing (post-proc.) and 

each combined with two post-processing schemes (Tucson) ............................... 67 

5.13  Quantitative results for ten algorithms with no-post-processing (post-proc.) and 

each combined with two post-processing schemes (Phoenix).............................. 69 

5.14  PWC score for each of the ten algorithms combined with two post-processing 

schemes: Tucson dataset ....................................................................................... 75 

5.15  PWC score for each of the ten algorithms combined with two post-processing 

schemes: Phoenix dataset ..................................................................................... 76 

5.16  MODA and MOC from CLEAR metric: ten detection algorithms each combined 

with two post-processing schemes, Tucson dataset .............................................. 78 

 



13 

 

LIST OF TABLES (CONTINUED) 
 

5.17  MODA and MOC from CLEAR metric: ten detection algorithms each combined 

with two post-processing schemes, Phoenix dataset .......................................... 79 

5.18  Quantitative results of adapted detection algorithms without post-processing....83 

5.19  Quantitative comparison of adapted algorithms before and after combining with 

the proposed two-stage post-processing scheme…..........…..…………….……84 

   

6.1  Classification of foreground and background pixels referring to the proposed 

thresholding scheme…..…………………...….........................................…........89 

6.2  Average F-score for each detection algorithm before and after combining the 

proposed scheme: Tucson and Phoenix datasets…..……………….................…93 

6.3  Classified detections of six algorithms: before and after combining the proposed 

scheme for Tucson and Phoenix datasets………………………………….….…95 

6.4  Performance analysis of seven detection algorithms before the proposed scheme 

(mean and 95% confidence interval)……………………………..………….…..96 

6.5  Performance analysis of seven detection algorithms after of the proposed scheme 

(mean and 95% confidence interval).……………………………..…………..…96 

6.6  Detection performance with updated labeling policy: LPT with the proposed 

scheme, Tucson and Phoenix dataset (overlap ratio: 0 : 5 : 35 %)…...……..….97 

6.7  Detection performance with updated labeling policy: MMA with the proposed 

scheme, Tucson and Phoenix dataset (overlap ratio: 0 : 5 : 35 %)……...…….98 

 

7.1   Performance metrics on overall accuracy..................................................…...106 

   7.2   Performance metrics on occlusion handing……………………..……………108 

   7.3   Performance metrics on negligible motion………………………………...…108 

   7.4   Performance metrics on background clutter……………………………..…...110 

   7.5   Performance metrics on low contrast…………………………………..…..…112 



14 

 

LIST OF ABBREVIATIONS 

Algm. Algorithm 

AIM An Information-Maximization approach 

CI Confidence Interval 

CurT Contourlet Transform 

DSW Directional Steerable Wavelet 

FDE Feature Density Estimation 

FICA Fast Independent Component Analysis 

FL Fuzzy Logic 

FN False Negative 

FP False Positive 

FT Frequency-Toned 

Gab Gabor (Filter) 

GR Global Rarity 

GT Ground-Truth 

HOG Histogram of Oriented Gradients 

IMM Intensity Mean Measure 

IR Information Retrieval 

IVS Information-Visual Mean-Shift Segmentation 

JNB Just Noticeable Blur detection 

KFCM-CV Kernel-based Fuzzy C-Means with Chan-Vese model 

LBP Local Binary Patterns 

LC Local Contrast 

LPT Laplacian Pyramid Transform 

MMA Multiscale Morphological Analysis 

MOC Multiple Object Count 

MODA Multiple Object Detection Accuracy 

MF Morphological Filtering 

MRI Magnetic Resonance Imaging 

MSS Maximum Symmetric Surrounds 

 



15 

 

LIST OF ABBREVIATIONS (CONTINUED) 

 

ORG Original Image 

PAE Partial Area Effects 

PWC Percentage of Wrong Classifications 

QTD QuadTree structured Decomposition 

RME Relative Maximum Entropy 

SDSP Saliency Detection by combining Simple Priors 

SEG SEGmenting Saliency Objects 

SI Shape Index 

SIM Saliency estimation using Low-level visual Model 

SR Spectrum Residuals 

SUN Saliency Using Natural statistics 

S / M Splits or Merges 

T / P Tucson or Phoenix (Dataset) 

TE Texture Extraction 

TN True Negative 

TP True Positive 

TRF Texture Range Filter 

TSF Texture Standard Filter 

VA Visual Attention 

VMO Variational Minimax Optimization 

WLM Wavelet Local Maxima 

ZOM Zernike Moments 

 



16 

 

CHAPTER 1 

INTRODUCTION 

 
1.1 Motivation 

In the past few decades, the scientific developments in the field of automated image 

analysis have had a great impact. Fast and accurate detection has often been a fundamental 

task in a variety of applications; hence, highly efficient algorithms for object detection have 

been in great demand in applications such as video surveillance, intelligent transportation 

systems, medical imaging and image retrieval. 

A common example of moving objects is vehicles of variable size in a roadway. 

Various techniques for on-road vehicle detection have been investigated in studies by 

Sivaraman and Trivedi [55] and Sun et al. [57]; however, traditional on-road detection 

techniques fail to work when dealing with low-resolution images with a vehicle size of only 

20-200 pixels. For broader visual coverage, detecting vehicles from wide-area aerial 

imagery [12], [37]-[38], [43], [58], [63] has been a practical approach, but it makes 

automatic detection more challenging. 

For better understanding of vehicle traffic patterns in either an urban or rural 

environment, a variety of detection and segmentation techniques [1], [2], [4], [19], 

[22]-[24], [33]-[34], [48], [64], [68], [75] have been investigated. We have adapted some of 

these object detection algorithms and combined them with several post-processing schemes 

for further enhancement of the detection performance. Several newly implemented schemes 

used for aerial vehicle detection, i.e., [51], [65], [70], are also reported in this study. 

A wide range of applications may benefit from research on detecting objects in aerial 

imagery [12], [37]-[38], [43], [58], [63]. Urban traffic management may become more 

reliable due to fast and accurate detection of vehicles, as this helps with understanding 

traffic patterns and regulating the traffic flow, Visual surveillance requires efficient object 

detection techniques to analyze large amount of real-time data. Other security-related tasks 

such as emergency evacuation and first-time rescue urge fast and accurate capture of 

unexpected traffic scenes – e.g., locating a suspicious vehicle in a parking lot, or alleviating 

congestion in certain sections of roadway. 
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1.2 Challenges 

For wide-area aerial video surveillance [5], [9], [58], the task of automatic object 

detection has often been difficult. Video captured from an airborne platform can be used to 

trace moving vehicles with broader area coverage, but the captured aerial video presents a 

variety of challenging issues [58]-[60], [62] – e.g., low contrast, low resolution, appearance 

model diversity, varying degrees of motion, illuminance change, partial occlusion of 

objects, and even shaking of the video camera. More specifically, the difficulties related to 

vehicle detection in wide-area aerial imagery can be summarized as follows [58]: 

1) Low contrast and resolution – Environmental conditions of complex traffic scenes 

create low contrast between objects and their backgrounds. For instance, cloudy, snowy, 

windy and foggy weather may result in poor visibility. Weak illumination often occurs 

especially when tracking traffic at night, dawn or dusk. Further, because of the distance 

from the video camera to the traffic scene, vehicles may be as small as only a few pixels 

wide. 

2) Appearance model diversity – A wide-area aerial frame may cover hundreds or 

even thousands of vehicles, while the average size of vehicles may only be 20-200 pixels. 

Vehicles can have various shapes, sizes, and reflectance properties. 

3) Varying degrees of motion – Moving vehicles may have various velocities, make 

turns, accelerate or stop. 

4) Illuminance change – Illuminance and intensity of light on moving objects may 

vary due to camera properties and time of day.  

5) Partial occlusion – Objects may appear split or merged in low-resolution images; 

the shadow of a large object may overlap parts of nearby objects. 
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1.3 Objectives 

Many algorithmic methods for object detection and segmentation have been 

established, but selecting the best methods and adapting them to the specific application can 

be challenging. We have adapted some detection algorithms from previously published 

works [1]-[4], [10], [13], [15]- [17], [19], [21]-[25], [29]-[30], [34], [39], [44], [46], 

[48]-[51], [54], [56], [61], [64], [68]-[73], [75], [76] to solve the vehicle detection problem. 

Also, we present a few post-processing schemes for performance improvement, and 

combine selected detection algorithms [1], [2], [4], [19], [23], [34], [48], [64], [68], [75] 

with selected post-processing schemes [18], [49], [50], [53], [75] to achieve improved 

performance. 

We used two different aerial video datasets (Tucson and Phoenix) and classified 

several types of detection errors for each algorithm. Two sample frames with size 720 × 

480 pixels from each dataset are depicted in Figs. 1.1 and 1.2. We converted all the frames 

into grayscale images and manually labeled the moving vehicles from cropped traffic lanes 

in each dataset. A variety of tests from two sets of experiments are performed in this thesis. 

Two sets of evaluation metrics serve as the quantitative measures. 
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Figure 1.1: Original aerial frame from Tucson dataset. 

 

 

Figure 1.2: Original aerial frame from Phoenix dataset. 
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The remainder of this thesis are organized as follows: 

Chapter 2 presents a concise survey of the major existing algorithmic methods for 

object detection and segmentation. We categorize each type of detection scheme on the 

basis of image features used. 

Chapter 3 provides a brief summary of each of the twelve detection algorithms which 

were adapted from previously published works, and describes the contributions of our own 

to each method. Other algorithms that can be applied to vehicle detection are also 

discussed. 

Chapter 4 presents two post-processing schemes step by step, in contrast to four 

existing post-processing schemes. 

Chapter 5 gives experimental results which comprise several tests that quantitatively 

evaluate vehicle detection methods with and without post-processing.  

Chapter 6 introduces an automatic thresholding scheme to classify foreground and 

background pixels in wide-area aerial imagery, which yields average F-score improvement 

and robustness in thresholding the object overlap ratio. 

Chapter 7 presents a performance analysis of six recent object tracking methods 

adapted for vehicle detection in wide-area aerial imagery, where the evaluation metric 

comprises four scenarios of imaging issues in terms of localization and overlap accuracy 

returned by the tracking method from the ground truth [42]. We used sample 50 frames 

from Tucson dataset for the experiments. 

Chapter 8 includes concluding remarks and prospects for future study. 
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1.4 Contributions 

The principal contributions of our study are summarized as follows. First, we adapted 

a set of detection and segmentation algorithms [1]-[4], [10], [13], [15]- [17], [19], [21]-[25], 

[29]-[30], [34], [39], [44], [46], [48]-[51], [54], [56], [61], [64], [68]-[73], [75], [76] and 

adjusted possible parameters for each algorithm to solve the vehicle detection problem in 

wide-area aerial imagery. Secondly, in contrast to prior post-processing schemes [49], [50], 

[53], [75], we propose two post-processing methods: a two–stage scheme [18] with sieving 

and closing, and a three-stage scheme with pre-sieving, closing, and conditional sieving 

with respect to a compactness measure. The two schemes indicate better performance 

compared to four existing schemes which are commonly used for post-processing. Thirdly, 

we developed a thresholding scheme to classify foreground and background pixels in a 

grayscale image by designing a thresholding scheme to quantize normalized grayscale 

values, then classify each pixel. This scheme is applicable to the adapted detection 

algorithms which rely on low-level saliency features, steerable wavelet pyramids and 

multiscale morphological analysis. Quantitative results display the robustness of our 

approach in terms of percentage of overlap from binary detection to ground-truth on 

different algorithms. In addition, we used the Tucson dataset for performance evaluation of 

six tracking algorithms [6], [7], [36], [47], [67], [74] using evaluation metrics such as 

localization error, overlap accuracy for each algorithm in four different scenarios. 
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CHAPTER 2 

DETECTION ALGORITHMS 

 

This chapter presents a brief review of various image analysis techniques that are 

applicable to the vehicle detection problem. We have investigated a few recent algorithms 

[19], [24], [30], [75] for vehicle detection in aerial imagery. We have also adapted some 

other methods of object detection and segmentation [1]-[4], [10], [13], [15]-[17], [21]-[23], 

[25], [29], [33]-[34], [39], [44], [46], [48]-[51], [54], [56], [61], [64], [68]-[73], [76] so as 

to detect vehicles in wide-area aerial imagery. 

 

2.1 Motivation 

For the task of vehicle detection, the area of interest is the cropped traffic lanes in a 

frame. What the vehicle detection techniques share in common is to group the vehicles into 

regions of foreground pixels and label all other regions as background pixels. The goal is to 

maximize the number of correctly detected vehicles while minimizing the number of 

missed vehicles, split vehicles, and merged vehicles.  

 

2.2 Categorization of Detection Algorithms 

In this section, we categorize various algorithms for automatic vehicle detection and 

segmentation. 

 

2.2.1 Saliency-Based Algorithms 

The visual saliency of an object refers to its perceptual quality indicating relative 

distinctions from its neighborhood [1]. Computational methods, not necessarily based on 

biological vision principles, can be effective for the vehicle detection task – e.g., the 

spectral residual method by Hou and Zhang [22] exploring the properties from backgrounds 

to find objects, the frequency-tuned method [1], and the pixel location scheme using the 

metric of maximum possible symmetric surrounds [2]. These simple and fast methods 
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[1]-[2], [22] use frequency-domain analysis to compute saliency using low-level features of 

color and luminance. 

    One drawback of some saliency-based methods is the computational efficiency [32]. 

Although several saliency detection methods [1]-[2], [22] satisfy the time requirement of 

real-time processing [58], some saliency-based schemes may not meet the timing 

requirements for certain applications [32] either because of the computational cost by this 

algorithmic model or the booming number of false detections. 

 

2.2.2 Gradient-Based Algorithms  

Classical methods for detecting an object can be based on techniques as simple as the 

Sobel edge detector, Canny operator or Hough transform. Since edges represent a common 

image feature which is captured from a sharp contrast in grayscale intensity, many gradient- 

based methods exploit directional filters (i.e., Gabor filter [16] or multiscale wavelet filter 

[73]) to locate the contour of an object. Another gradient-based method is histogram of 

gradients (HOG), which can be combined with local binary pattern (LBP) [58] to extract 

reliable features to delineate objects. However, due to low resolution and weak contrast, 

such image features sometimes suffer from poor performance or computational efficiency. 

In addition, a classifier such as SVM or Adaboost is usually needed for these methods for 

final object classification. 

For gradient-based object detection, morphological operations followed by 

8-connected component labeling are often needed to determine the shape of an object. In 

our study, a subpixel location algorithm that handles partial area effects (PAE) [64] stands 

as a representative gradient-based model for vehicle detection. We tested some other 

gradient-based detection algorithms [15]-[16], [49] and demonstrated the effectiveness of 

each method; the quantitative results are reported in Chapter 5. 

 

2.2.3 Motion-Based Algorithms  

A motion-based detection method utilizes information from multiple frames and 

exploits the relative spatial movement of object pixels among images to extract objects and 

eliminate background clutter. Typical examples include differencing multiple frames and 
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background modeling [62]. For a cascaded system for vehicle detection, this kind of 

scheme has been used to derive binary motion masks [62] projected for identifying moving 

objects in a search image. For better avoidance of false detections, a motion analysis 

algorithm would be even more efficient when combined with a clustering scheme or using 

image fusion [58]. We further discuss the advantages and shortcomings of detection 

methods of this type in the second section of Chapter 3. 

 

2.2.4 Segmentation-Based Algorithms 

Segmentation-based techniques used to have a wide range of applications such as 

magnetic resonance imagery (MRI) and CT (computed tomography). To investigate such 

methods for detecting vehicles in wide-area aerial imagery, we have adapted an adaptive 

segmentation technique that iteratively searches for an optimum local thresholding surface 

by variational minimax optimization [48], a two-stage algorithm for rough segmentation 

using fuzzy c-means, and segmentation for subdivided image spaces using an improved 

Chan-Vese model [68]. In the morphological filtering scheme proposed by Zheng et al. [75], 

Otsu’s technique [41] was used as the second stage for global thresholding. 

Segmentation-based techniques are often combined with other types of detection methods, 

yielding performance enhancement and robustness. 

 

2.3 Adapted Algorithms 

Motivated from previously published works, we have adapted twelve algorithms for 

vehicle detection in wide-area aerial imagery. A summary for each algorithm is presented 

as follows: 

1) Spectrum residual (SR) – Hou and Zhang [22] proposed the SR algorithm for 

saliency detection. This method exploits the log-spectrum of the input image and extracts 

the spectral residual of the image to detect the salient objects, where SR computes the 

difference between the log-spectrum and the averaged spectrum in the spectral domain. 

Next, a saliency map is generated with respect to the spectral residual in the spatial domain 

by taking the inverse Fourier transform. In the final step, the saliency map is thresholded by 
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Gaussian smoothing using a lowpass filter with σ = 8. We use a Gaussian filter with σ = 0.5 

in order to adapt this method for detecting small vehicles in our wide-area aerial images. 

2) Localization contrast (LC) – A low-level visual attention method developed by 

Mancas et al. [33]-[34] models the gray-level rarity within a single frame or a set of images. 

This model calculates the probability of occurrence of each pixel and pixel neighborhood 

rarity in an image by approximating the gray levels of pixels as messages and the entire 

image as the set of messages. In the next stage, due to the contrast of local mean and 

variance of any pixel neighborhood in a grayscale image, a visual attention (VA) map 

would be obtained for statistically smaller areas. We adapted this method by computing the 

VA map using local contrast for each frame and picked a normalized threshold of 0.38 for 

Tucson dataset and 0.34 for Phoenix dataset in order to achieve the best overall F-scores. 

3) Variational minimax optimization (VMO) – Saha and Ray [48] derived a locally 

adaptive technique for image segmentation. This method automatically calculates the 

weights on the data fidelity and the regularization terms by formulating variational energy 

optimization, combines the data fidelity and the regularization in a convex non-linear 

fashion, and uses the minimax principle to compute an optimum threshold surface. We 

adapted VMO to detect vehicles in wide-area images [22] by multiplying the threshold 

surface with a threshold scaling factor ranging from 0.6 to 0.7 to achieve a reasonable 

balance between incorrect detections and missed objects. 

4) Frequency-toned (FT) region detection – Achanta et al. [1] proposed a method 

which highlights salient regions in images from the estimation of center-surround contrast. 

Low-level features such as color and luminance were exploited. This algorithm aims to 

keep more frequency content than other saliency detection algorithms and provide 

full-resolution saliency maps with well-preserved object boundaries. We adapted this 

method for vehicle detection by selecting a normalized grayscale threshold of 0.20 for the 

Tucson dataset and 0.24 for the Phoenix dataset to achieve the best overall F-scores. 

5) Maximum symmetric surround (MSS) – Achanta and Süsstrunk [2] developed 

another saliency detection scheme by using low-level features of color and luminance. This 

algorithm is based on the assumption that the scale of the objects is known. This method 

uses the metric of maximum symmetric surrounds to search object regions by altering the 
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bandwidth of the center-surround filtering near image borders. The saliency map is 

obtained by calculating maximum possible regions with symmetric surrounds for a given 

pixel in the center of an image. After adapting this method for vehicle detection, we chose a 

normalized grayscale threshold of 0.15 on the saliency output of each frame for both 

datasets. 

6) Fuzzy logic (FL) vehicle detection – Jain and Rani [24] presented a fuzzy 

logic-based algorithm to detect vehicles. Their method has three stages: (i) an initialization 

step to construct sixteen probabilistic logic matrices that symbols for the differences of 

grayscale intensity between two neighboring pixels; (ii) a defuzzification step to calculate a 

normalized maximum weight for each pixel; (iii) a final step of fuzzy logic thresholding on 

the normalized edge map, which is associated with an operation of morphological fill for 

region segmentation. For the Tucson dataset, we picked a membership function (a, b, c) = 

(0.3, 0.8, 0) to initialize the probability matrix in stage (i) and 0.1 for thresholding in stage 

(iii); for the Phoenix dataset, we selected a membership function (a, b, c) = (0.3, 0.6, 0) in 

stage (i) and 0.2 for thresholding in stage (iii). 

7) Kernel-based fuzzy c-means and Chan-Vese (KFCM-CV) model – This hybrid 

model proposed by Wu et al. [68] was initially used for brain MRI segmentation by 

combining the kernel-based fuzzy c-means clustering with an improved Chan-Vese model 

for rough segmentation on the whole image followed by accurate segmentation of multiple 

objects on the subdivided image. We adopted all the other original thresholds for this 

algorithm except for setting the distance threshold (as initial partition for input space of a 

grayscale image) as 12 for Tucson dataset and 6 for Phoenix dataset. 

8) Feature density estimation (FDE) – A four-stage vehicle detection method 

developed by Gleason et al. [19] aims at estimating the density of vehicle features. The 

first-stage of this method uses the Sobel edge detector to inspect every image location at 

various scales and detects features from eliminating the background areas. The second 

stage selects overlapping areas comprising high density of features (i.e., feature values 

above a certain threshold). Since a large number of overlapping areas around true vehicle 

regions can be obtained in the second stage, actual vehicle areas are grouped using a 

clustering scheme in the third stage. Vehicle locations are refined and precisely detected by 
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measuring color-based properties in the final stage. We did not perform the third and the 

fourth stage in our experiment. To adapt this method after stage two for vehicle detection, a 

grayscale threshold ranged from 40 to 90 was selected in all of our experiments for binary 

conversion in both datasets. 

9) Morphological filtering (MF) – Zheng et al. [75] presented an automatic vehicle 

detection system using mathematical morphology [35]. The flowchart of MF consists of 

two major steps: (i) concurrent detections for positive- and negative-contrast vehicles are 

executed by applying a grayscale opening operation followed by grayscale top-hat 

transformation, and a grayscale closing operation followed by grayscale bottom-hat 

transformation on the original frame; (ii) any possible vehicles are extracted by using 

Otsu’s thresholding on the resultant image. In order to achieve the best overall detection 

performance [28], we used a 3 × 3 structuring element for all the morphological operations 

so as to adapt this method to the practical vehicle size in our datasets. 

10) Modeling partial area effects (PAE) by locating subpixels – Trujillo-Pino et al. 

[64] proposed this method for detecting the edges in images with subpixel accuracy. It 

initially hypothesizes a non-continuous model for image acquisition, from which partial 

area effects such as subpixel position, orientation, curvature, and change in intensity values 

on both sides of the edge are derived. We used a grayscale value of 32 to specify the 

minimum difference of intensity at both sides of any edge pixel to adapt this method to our 

datasets; this grayscale value achieved better overall performance than the former grayscale 

value used in [18]. Note that in our previous work [18], this model was denoted as SL-PAE. 

11) Text extraction (TE) – Huang and Leng [23] proposed an 8-connected object 

detection method for the detection of candidate text regions by filtering out non-text 

regions from using rules of shape, texture, and the intrinsic, particular characteristics of the 

text. The final binarization step is performed by using Otsu algorithm for each segmented 

region to obtain the output of feature maps. To adapt this method, a 3 × 3 Gaussian kernel 

was generated to construct an image pyramid.  

12) Fast independent component analysis (FICA) – Ali and Powers [4] 

experimented with the recognition of facial expressions by applied fast ICA. Inspired by 

this method, we adapted this scheme for single-frame based vehicle detection from by 
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taking one frame (containing vehicles to be detected) and another seven randomly selected 

grayscale frames from the same dataset as 8-input ICA channels. This method exploited 

high-order dependencies to measure the redundancy and useful components of objects by 

performing orthgonalization for whitening channels. We selected a normalized grayscale 

threshold of 0.62 to achieve the best overall F-score for region segmentation for both 

datasets. 

 

2.4 Other Methods and Proposed Algorithms 

Other algorithms [10], [13], [15]-[17], [21], [25], [29], [39], [44], [46], [49]-[51], [54], 

[56], [61], [69]-[73], [76] that we have investigated for vehicle detection span the different 

types of object detectors discussed in Section 2.2: saliency-based, gradient-based, motion- 

based and segmentation-based schemes. We have studied each of them to vehicle detection 

in wide-area aerial imagery.  

For single-frame vehicle detection in wide-area aerial imagery, a quadtree 

decomposition-based model was derived combining with multiscale morphological image 

analysis [51]. Motivated by texture image segmentation using entropy information [53], we 

developed two other methods using a standard filter and a range filter to perform vehicle 

detection in our aerial datasets. A few other algorithmic models by exploiting multiscale 

characteristics of wavelet transforms [62] and steerable pyramid transforms [65] were also 

derived to solve this research problem. A set of post-processing schemes were 

correspondingly adopted for each method for performance improvement. 

Exploiting common image features by frame-based detection is not sufficient to solve 

the detection task especially when handling low-resolution objects. For motion-based 

moving object detection, three major types of techniques are typically in use in traffic 

videos [5], [31]: frame differencing, background subtraction and optical flow estimation. 

The former two categorized methods have low complexity and hence are easy to implement, 

but they may be less accurate and are vulnerable to losing objects in fast-moving, noisy 

scenarios; the latter scheme is capable of detecting independent moving objects without any 

prior information in complex scenes, but the high computational cost limits its feasibility 

for real-time processing.  
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2.5 Summary 

    In this chapter, we presented a summary on algorithms adapted for vehicle detection in 

wide-area aerial imagery. The algorithms were classified into several types on the basis of 

understandings from the inherent algorithms and the corresponding performance analysis. 

This categorization of algorithms provides a foundation for understanding the relative 

merits of each specific algorithm. 

A brief description of twelve algorithms we adapted from previously published works 

was given in Section 2.3; these algorithms will be used for performance evaluation in 

Chapter 5. Section 2.4 provided a short introduction to the other proposed detection 

algorithms. 
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CHAPTER 3 

REGION SEGMENTATION 

     

In Chapter 2, we presented the algorithms for vehicle detection in wide-area aerial 

imagery, along with a short analysis of the categorization of the major algorithmic 

approaches. This chapter provides a concise study of major thresholding techniques and 

how to apply a proper thresholding method for region segmentation, which yields a binary 

detection result. 

 

3.1 Motivation 

Since many algorithms such as saliency-based and segmentation-based detection 

generate feature maps, they need to incorporate a binarization scheme such as thresholding 

to label foreground objects and background objects. Binarization is a special case of region 

segmentation, in which there are just two pixel classes: foreground and background. 

    For each pixel in an image, we want to determine which region it belongs to – i.e., 

foreground object or background. The simplest way is to normalize the grayscale feature 

map, then select a hard threshold to decide foreground and background pixels. We can 

follow this with 8-connected component labeling to classify group the binary pixel labels 

into regions. We can use the average F-score as the criterion to determine the optimal 

threshold value for a specific dataset. We also experimented with some of the commonly 

used binarization techniques such as Otsu’s method [41] and the maximum entropy method 

as described in several existing segmentation schemes [11], [21], [48]. 

 

3.2 Thresholding Techniques 

For general image thresholding, there are two major types of techniques: global 

thresholding and local thresholding [48]. Global thresholding converts a grayscale image 

into a binary one with a fixed grayscale threshold for the whole image, and local 

thresholding suggests flexible threshold values over different parts of the image. For 

instance, Otsu’s method [41] is a global thresholding scheme which is normally used for 
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directly reducing a grayscale image into a binary image, where this algorithm computes the 

optimum threshold by separating classes of foreground pixels from background ones with 

respect to the bi-modal histogram, and takes the measure of maximum inter-class variance 

to locate the optimal threshold of the original grayscale image. To perform the region 

segmentation task for vehicles in aerial imagery, this method displays efficiency when 

dealing with datasets where bright vehicles with high-intensity grayscale values are 

predominant; however, true vehicles are likely to get lost when the difference of grayscale 

values is weak between the object and its background. The VMO-based scheme in [48] is 

an example of adaptive local thresholding, which relies on energy functional minimization 

that mitigates the effort of adjusting parameters [48] for region segmentation over the entire 

grayscale image. Since the optimum threshold surface is adaptively obtained via the 

minimax principle, and the threshold surface can be dynamically updated and modified, 

VMO-based schemes [48] provide local thresholding. 

We optimize hard thresholding in the experiments by using highest average F-score as 

a metric; this approach is simple but objective. No universal threshold can be determined 

over multiple datasets. Otsu thresholding yields poorer results in datasets where objects and 

backgrounds are not equally distributed or local contrast among objects is not apparent in 

grayscale values. These weaknesses can be partially eliminated by adaptive local 

thresholding techniques as mentioned above, but the operation time, comparatively larger 

data and higher-order mathematical modeling becomes a trade-off. 

 

3.3 Region Segmentation 

Partitioning an image into homogenous regions is the goal of segmentation. 

Segmenting vehicles in aerial imagery also requires a technique that directly searches for 

regions. The image segmentation task can be formulated using several fundamental 

principles [20].  

Consider the segmentation procedure as partitioning the whole image R into regions R1, 

R2 ,…, Rn, with the following key principles: 

i) 
1

n

i

i

R


= R, guaranteeing completeness of segmentation; 
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ii)  i = 1, 2, …, n, requiring that each region Ri is a connected component (we use 

8-connectedness); 

iii) Ri ∩Rj = ,  i and j, i ≠ j, requiring disjointness of regions; 

iv) H (Ri) = True for i = 1, 2,…, n, ensuring homogeneity of all the pixels in a region, 

where H( ) is a homogeneity measure; 

v) H (
i jR R ) = False, i and j, guaranteeing that any adjacent Ri and Rj are 

different. 

 

In our work, the seeded region growing scheme [17] and the function of quad-tree 

decomposition [51] are applied to perform the segmentation task for vehicles; we also 

employ the concept of splits and merges [40] to evaluate the performance of each method; 

results are presented in Chapter 5. 

 

3.4 Concluding Remarks 

In this chapter, we discussed the necessity of applying a thresholding scheme as part 

of performing the vehicle detection task in wide-area aerial imagery. We mentioned typical 

algorithms for both global thresholding and local thresholding, briefly specified their 

advantages and shortcomings, and presented the fundamental model for region-based 

segmentation. After binary conversion, the next step is to improve detection performance 

by reducing false detections as required for post-processing. 
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CHAPTER 4 

POST-PROCESSING SCHEMES 

 

Despite the efficiency of many vehicle detection algorithms, post-processing schemes 

are often required to improve detection performance. Post-processing aims to reduce the 

percentage of wrong classification by significantly reducing false detections without losing 

too many correct detections. Thresholding area and shape is typically applied in a 

post-processing scheme with respect to the size and geometric characteristics of objects. 

Morphological operations are often performed on the binary image so as to refine the shape 

of the detected objects. 

 

4.1 Existing Post-Processing Schemes 

In typical cases for reducing false detections, there are four existing post-processing 

schemes in use, summarized as follows: 

1) Binary masking – Salem et al. [49] used a median filter for smoothing, and a 

dilation operator to shape the detection. This approach aims to automatically smooth the 

borders of the detected regions and fill any small holes. To adapt this scheme to our 

datasets, we used a 3 × 3 structuring element to perform all the morphological operations. 

2) Heuristic filtering – Samarabandu and Liu [50] used two constraints to drop 

unnecessary small detections which tend to be false – object regions should not be smaller 

than 5% of the largest region, and the aspect ratio of width to height should not be smaller 

than 0.2. We adapted this scheme with carefully adjusted thresholds to achieve the best 

overall average F-score for each detection algorithm without post-processing, we also 

readjusted the thresholds to achieve the best overall average F-score when combining the 

algorithm with a post-processing scheme. 

3) Sieving by shape index – Sharama et al. [53] introduced the metric of shape index 

(SI) by computing the ratio of a region’s perimeter to the square root of its area, then 

dividing this ratio by 4. This scheme was applied to exclude any detection with SI below 

the lowest SI of ground-truth objects after region segmentation. The removal of objects 
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with feature values outside an allowable range is referred to as sieving. The SI metric of a 

region is computed as 

SI
4

L

A
                               (4.1) 

where L denotes the perimeter of the region, and A is the area of the region. 

4) Sieving and morphological opening – Zheng et al. [75] developed a sieving 

process by setting up an area threshold as 2000 pixels to remove any detection larger than 

the biggest vehicle with long trailer or semi-truck, then apply a transformation of 

morphological opening with structuring elements of 5-pixel radius to smooth out any little 

target less than 10 pixels. We used a pixel-area threshold of 200 to sieve big objects, and 

found that due to the small size of our vehicles on width which is only a few pixels, 

morphological opening merely works with a structuring element with no more than 3-pixel 

radius for the preservation of detections. 

We tested each of four existing post-processing schemes (with optimized thresholds 

for each scheme) on our low-resolution aerial datasets, and observed some shortcomings 

for these schemes as below: binary masking [49] is capable of improving the detection 

performance by merging false detections, while the dilation operation makes the size of 

detected objects expanded. Heuristic filtering [50] provided an efficient post-processing 

technique only if the aspect ratio of correctly detected objects were distinctive comparing to 

those of the false positives. After applying the scheme of Sieving by SI [53] to a few 

algorithms, we found that high number of false detections was still remaining. For sieving 

and opening, Zheng et al. [75] explained the inherent weakness of that strategy: suppose all 

the moving objects of traffic patterns were to have similar intensity (e.g., other vehicles, 

median strip between opposing lanes, or shadows), correctly detected objects can be 

wrongly excluded if they are too close to other background objects. As mentioned above, 

morphological opening only works with tiny sized (1- or 2-pixel radius) structuring element 

when applying Zheng’s post-processing scheme [75] to images in our wide-area aerial 

datasets. 
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4.2 Proposed Two-Stage Scheme 

To achieve better improvement on detection performance, we propose a two-stage 

post-processing scheme, which involves an area thresholding sieving process, followed by 

an operation using morphological closing transformation. The two-stage sieving process is 

described as follows [18]: 

Step 1. The detected objects in the binary image are sieved out by area thresholding (in 

pixels): a low threshold tlow to eliminate tiny detections smaller than the smallest ground 

truth vehicle, and a high threshold thigh to exclude large detections bigger than the largest 

vehicle size as expected. All other binary objects within the range A ϵ [tlow, thigh] are 

preserved. Selection of the dual thresholds is dependent on the expected range of vehicle 

size. 

Step 2. The second stage of post-processing aims to reduce some other persistent 

errors even after performing area thresholding – i.e., adjacent small objects tending to be 

false detections, trivial holes inside some of the binary objects, and the border of each 

detection. Hence, a morphological closing transformation was carried out in this stage. We 

choose rotationally symmetric structuring elements to execute this operation. 

 

4.3 Proposed Three-Stage Scheme 

In this subsection, we propose another post-processing scheme to serve as a better 

alternative to filtering by shape index. This scheme introduces pre-processing to discard 

false detections which are either too big or too small to be a vehicle, and performs 

conditional sieving with respect to the compactness measure on rectangular-shaped objects 

after morphological closing transformation. Semi-soft area thresholds are also involved to 

evaluate large detections in the presence of average vehicle size.  

For this three-stage scheme on post-processing, the major steps are summarized as 

follows: 

Step 1. A pre-sieving process is carried out to discard certain false detections. With 

respect to the ground-truth information, let tsmall, tlarge and tavg represent the smallest, largest 

and average size of objects, respectively. For all the binary detections, the low threshold is 

set as t1 = tavg / 20, by which any detection with less than 5% of the average object area in 
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pixels are removed; the high threshold is set as t2 = max (6* tavg, 2*tlarge), considering a 

typical example of traffic congestion where six vehicles may become clustered in two or 

three lanes, or two biggest vehicles (i.e., trucks or cars with long trailers) may become 

merged in detection. In a word, this step is to sieve out any binary object that falls outside 

the range A ϵ [t1, t2] in pixels. 

Step 2: A morphological closing transformation is performed. Similar to the second 

step of the two-stage scheme, again we choose unbiased structuring elements to perform 

this operation in the verification step in order to achieve the best overall average F-score. 

Step 3: With respect to the compactness measure on each object, conditional sieving is 

performed with respect to this metric. For all the remaining binary detections, a distortion 

of compactness in comparison to the ground-truth objects in each frame is allowed, where 

the lower bound of threshold is set as half of the smallest compactness, and the upper 

bound of threshold is set as twice the largest compactness. A 25% overlap ratio is used to 

measure the remaining detections on objects regarding to their lower bounds in size. Hence, 

any binary detection whose area lies in the range [tsmall /4, t2] and whose compactness falls 

within the specified range is preserved. 

For a simple object shape, the formal measure of its compactness C can be defined as 

[63] 

2

4

L
C

A
                              (4.2) 

where L and A represent the perimeter length and the pixel-area of the region, respectively. 

 

4.4 Summary 

In this section, we have discussed four existing post-processing schemes and two 

post-processing schemes as proposed to improve the object detection performance. We 

implemented each of these schemes combined with the aforementioned automatic detection 

algorithms for performance analysis, and experimental results are presented in the 

following chapter. 
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CHAPTER 5 

EXPERIMENTAL RESULTS 

 

We conducted our research with a set of experiments using two aerial datasets. The 

performance of every adapted detection algorithm and the proposed algorithms with or 

without a post-processing scheme were measured via classifying several type of detection 

errors. The binary detections were automatically compared to the ground-truth objects from 

frame to frame in both datasets. 

 

5.1 Datasets 

The wide-area aerial image datasets we used are described as follows [18]: Two aerial 

videos captured from a low-resolution video camera which tracked the motion of vehicles 

from one single direction, served as the datasets. For each of the 100 consecutive frames 

per dataset, the spatial resolution of every frame are uniformly 720 × 480 pixels. Traffic 

lanes were manually cropped from the aerial videos (the same task can also be performed 

by GIS mapping or using an automatic detection method on road extraction).  

We manually segmented each vehicle in the two datasets, then name one as Tucson 

dataset and the other as Phoenix dataset. Manual segmentation gave the statistics on a sum 

of 4012 and 4060 ground truth vehicles in Tucson dataset and Phoenix dataset, respectively. 

We assume that vehicles are uniformly rectangular shaped in the two aerial videos. Regard 

to the pixel-area size of each vehicle in our ground truth, Tucson dataset comprises vehicles 

distributed from 40 to 150 pixels while vehicles are ranging from 20 to 175 pixels in 

Phoenix dataset. 

 

5.2 Error Classifications 

In the first set of experiments (Sections 5.4-5.6), the six object detection algorithms 

[18] were evaluated by assign each binary detection with 8-connected component labeling, 

then the overlap between detection and true object was measured in a way similar to the 
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region matching procedure by Nascimento [40], where we characterize each type of 

detections as follows: 

True positive (TP): correct detection. Consider each detection interests every ground 

truth object, the one having largest overlap are counted as one TP. Even if multiple 

detections intersect the same ground truth object, or a single detection intersects multiple 

ground truth objects, TP is unique corresponding to each ground truth object; 

False negative (FN): detection failure or missed object. If one ground truth object does 

not intersect any detected object, one FN is counted, which is also unique comparing to 

each ground truth object; 

False positive (FP): incorrect detection. If a detection does not intersect any ground 

truth object, one FP is counted. Multiple FPs can be generated in different scenarios. 

In the second set of experiments (Sections 5.7-5.10), in addition to TP, FN and FP, we 

also displayed the performance comparison of ten detection algorithms by inducing the 

cases on splits (S) or merges (M), which are characterized as [40]: 

Splits (S): Multiple touched detections on the single ground truth object beside TP. 

Since only one TP had been counted, if a single object was touched by multiple objects in 

the ground truth, all other touches are regarded as Splits; 

Merges (M): Object(s) contoured in one detection beside the largest object. Multiple 

objects were combined in a single detection, then all other object(s) except the TP should 

be counted as Merges. 

We added the splits (S) and merges (M) to our first set of experiments in addition to 

the quantitative results presented in [18]. No true negative (TN) samples on detections in 

each dataset. 

 

5.3 Evaluation Metrics 

In the basic information retrieval (IR) metric [52], a set of quantitative measures are 

often employed for comprehensively measuring the performance on detections:  

TP
Precision = 

TP + FP
                       (5.1) 
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TP
Recall = 

TP + FN
                         (5.2) 

2  Precision  Recall
F-Score = 

Precision + Recall

 
            (5.3a) 

where F-score is the harmonic mean of precision and recall. 

Substituting the formula of TP, FP and FN on precision and recall to (5.3a), it can be 

simplified as: 

2  TP
F-Score = 

2  TP + FN + FP




                  (5.3b) 

We also used the percentage of wrong classification (PWC) [52] to calculate the ratio 

on the sum of FNs and FPs, to the total number of all four types of detections: 

FN + FP
PWC = 

TP + FN + FP + TN
                   (5.4) 

Note that TN = 0 since we do not have any negative sample on detection. 

The CLEAR evaluation metrics [26], [27] have also been applied to performance 

comparison of each detection algorithm. Let us denote the number of FNs and FPs as mi 

and fpi, respectively; the multiple object detection accuracy (MODA) in the i-th frame (i = 

1, 2, …, 100 in each dataset) is now formulated as [27] 

( )

( ) ( )
MODA( ) 1

m i f i

i

G

c m c fp
i

N


                    (5.5) 

where cm and cf stand for the cost functions of the FNs and FPs, respectively, and 

( )i

GN stands for the counts of the ground-truth objects in the i-th frame. 

We equally weight cm (.) = cf (.) = 1 [26] for the performance evaluations on each 

detection algorithm; and hence, for each dataset, the normalized multiple object detection 

accuracy (N-MODA) [26], [27] displays the same numerical value to the metric of multiple 

object count (MOC) [26] on the count accuracy over all the frames, which is now 

formulated as 
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                 (5.6) 

Note that in the second set of experiments, either case of splits (S) or merges (M) was 

classified as secondary detection errors to evaluate each algorithm combined with a 

post-processing scheme. However, since there hasn’t been any agreement on the weights of 

Splits (S) or Merges (M) in the previous publications till now, neither of them will be 

counted in the metrics of MODA and MOC. 

We carried out our first set of experiments in the following scenarios: i) six object 

detection algorithms associated with sieving or / and closing operation; ii) contribution to 

VMO-based scheme; iii) five detection algorithms before and after the proposed two-stage 

post-processing. 

 

5.4 Six Detection Algorithms Each Combined with a Post-Processing 

Scheme 

The six detection algorithms [18] adapted from previously published works, as 

described in Chapter 2, generated high rate of FPs in each frame. For the purpose of 

reducing FPs of all the algorithms, the following post-processing method were used: we 

perform an object sieving process to keep all the binary objects whose object area A ϵ [tlow, 

thigh] in each frame. The area thresholds were selected as [5, 160] for the Tucson dataset and 

[5, 180] for the Phoenix dataset, respectively. This object sieving process significantly 

reduces FPs for SR, VMO and FDE in both datasets. For the other three methods, FL, PAE 

and MF, a morphological closing operation with a 3 × 3 uniform structuring element 

followed by the similar object sieving process was performed. 

 

The total number of classified detections for each algorithm in chronological order 

was displayed in Table 5.1, where the publication year of the original references are listed 

in the last column. 
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Table 5.1: Classification of detections on six algorithms in 100 frames / dataset 

Algm. Dataset TP S M FN FP Year 

SR 
Tucson 3321 1292 154 537 900 

2007 
Phoenix 2045 334 247 1768 1591 

VMO 
Tucson 3735 4350 193 84 6412 

2009 
Phoenix 3439 655 199 422 4076 

FL 
Tucson 3404 630 277 231 2254 

2010 
Phoenix 2967 1257 115 978 6900 

FDE 
Tucson 3375 655 24 613 2694 

2011 
Phoenix 2804 542 279 977 2280 

PAE 
Tucson 3205 87 237 560 1621 

2013 
Phoenix 2613 247 479 968 1603 

MF 
Tucson 3453 598 423 136 1668 

2013 
Phoenix 2262 413 213 1585 1439 

 

Comparison of TPs and FNs: In Tucson dataset, VMO and MF exhibits the highest 

and second highest total of TPs, respectively; the other algorithms displays close 

performance on TPs. In Phoenix dataset, VMO and FL rank the best two in highest total of 

TPs, and the high-to-low rank on TPs for the other methods are FDE, PAE, MF and SR. In 

Tucson dataset, the average FN rates are lower than 5 per frame for all the six methods. In 

Phoenix dataset, the average FN rates in VMO, FL, FDE and PAE are lower than 10 per 

frame. 

Comparison of FPs: In Tucson dataset, SR displays the least sum of FPs, PAE and MF 

rank the second, the third best, and VMO performs the poorest on FPs. In Phoenix dataset, 

MF displays the fewest FPs, SR and PAE rank the second and the third best, while FL 

performs the poorest on FPs. 

A visual comparison of original frames with visual vehicles for detections from the six 

algorithms (color boundary on regions) and the ground truth (rectangular regions in white 

color) in columns are depicted in Figure 5.1, where the first column displays original 

frames (ORG) and the last column exhibits ground truth (GT). We used each subimage size 

of 64 × 64 pixels for this comparison. The first and second row displays comparison of the 

same region that containing maximum number of visual vehicles in the 1st and the 100th 
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frame in Tucson dataset, while the third and fourth row displays similar comparison in 

Phoenix dataset. 

We also charted a quantitative comparison for the six object detection algorithms, 

which is depicted in Fig. 5.2. In Tucson dataset, SR displays the best precision and F-score 

and PWC, VMO displays the lowest precision and F-score but the highest recall. In 

Phoenix dataset, PAE indicates the highest precision and F-score and PWC, SR displays the 

lowest recall and the second poorest F-score; MF exhibits the second best precision but the 

second lowest recall, VMO displays the highest recall and the second lowest precision, FL 

shows the second best recall but the poorest on precision and F-score. 

 

ORG     SR     VMO     FL     FDE     PAE     MF      GT 

               

               

               

               

 

Figure 5.1: Comparison of visual vehicle detection results from the six algorithms. ORG 

and GT are permuted in the first and last column. 
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Figure 5.2: Quantitative measures of precision, recall, and F-score for the six detection 

algorithms. 

 

Table 5.2 displays statistical results for each evaluation metric (t-test with 95% 

confidence intervals among the data for 100 frames for each dataset) on the six algorithms. 
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In Tucson dataset, SR displays the best PWC, while VMO performs the poorest in PWC, 

which coincide with the ranks of precision and F-score in Fig. 5.2. In Phoenix dataset, PAE 

performs the best on PWC, SR displays the second poorest PWC, while FL performs the 

poorest on PWC. 

Regarding the evaluation metrics of precision, F-score, and PWC, a comprehensive 

analysis was presented for six detection algorithms using two low-resolution aerial datasets. 

The rank of precision and F-score are the same for each algorithm in Tucson dataset, while 

different ranks displayed for SR, VMO, FL and MF in Phoenix dataset. VMO, FL and MF 

achieved recalls higher than 0.9 in Tucson dataset, while VMO was the only algorithm with 

recall close to 0.9 in Phoenix dataset. The rank of PWC (from high to low) for each 

algorithm in each dataset coincides with the rank of F-score (from low to high), The ranks 

on each metric of the six algorithms are identical in Tucson dataset (with SR displaying the 

best scores on each metric), while indicating no consistent patterns (with PAE displaying 

the best scores on each metric) in Phoenix dataset. The tight confidence intervals for these 

metrics further supported our statistical test. 
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Table 5.2: Performance evaluation of six detection algorithms (mean and 95% confidence 

interval; left: Tucson dataset, right: Phoenix dataset) 

 

Algm. Precision Recall F-Score PWC % Precision Recall F-Score PWC % 

SR 
0.790 

± 0.012 

0.861 

± 0.009 

0.823 

± 0.009 

29.88 

± 1.23 

0.581 

± 0.019 

0.536 

± 0.013 

0.550 

± 0.009 

61.96 

± 0.86 

VMO 
0.373 

± 0.008 

0.978 

± 0.005 

0.539 

± 0.009 

63.01 

± 0.84 

0.461 

± 0.008 

0.891 

± 0.007 

0.606 

± 0.007 

56.41 

± 0.75 

FL 
0.607 

± 0.013 

0.936 

± 0.005 

0.735 

± 0.010 

41.71 

± 1.27 

0.302 

± 0.006 

0.752 

± 0.010 

0.431 

± 0.007 

72.50 

± 0.58 

FDE 
0.560 

± 0.010 

0.847 

± 0.008 

0.673 

± 0.009 

49.15 

± 0.97 

0.559 

± 0.015 

0.742 

± 0.010 

0.635 

± 0.011 

53.27 

± 1.20 

MF 
0.683 

± 0.016 

0.962 

± 0.007 

0.796 

± 0.012 

33.53 

± 1.54 

0.622 

± 0.019 

0.587 

± 0.015 

0.600 

± 0.014 

56.74 

± 1.49 

PAE 
0.667 

± 0.009 

0.851 

± 0.008 

0.747 

± 0.007 

40.25 

± 0.90 

0.626 

± 0.015 

0.730 

± 0.010 

0.671 

± 0.011 

49.26 

± 1.19 

 

5.5 Contribution to VMO-Based Scheme: Average F-Score Comparison 

and Sensitivity Analysis 

We used a threshold scaling factor to modify VMO so as to reach a harmonic balance 

between missed objects and false positives [18]. In this experiment, ten frames were 

randomly selected from both Tucson and Phoenix two datasets for performance evaluation. 

VMO-based algorithm was combined with each of the five post-processing schemes, and 

we selected a threshold scaling factor [18] for this algorithm on every post-processing 

scheme to achieve the highest average F-score. The iteration times for the VMO-based 

method was set as 10 for Tucson dataset and 20 for Phoenix dataset. 

A comparison on average F-scores of VMO-based algorithm [18] post- processed by 

each of the five detection algorithms [19], [22], [24], [48], [64] was presented in Table 5.3, 

from which we justify that the proposed two-stage scheme by sieving and closing achieves 

the highest average F-score with tight confidence interval for both datasets. Numerical 

results in Table 5.3 coincide with our previous analysis on the weakness of four 

post-processing schemes (each with optimized thresholds) for our wide-area images. 
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Table 5.3: Average F-score of VMO-based method combined with each of the five 

post-processing schemes (mean and 95% confidence interval) 

 

Post-Processing Tucson Dataset Phoenix Dataset 

No Post-Processing 0.504 ± 0.052 0.455 ± 0.030 

Binary Masking 0.781 ± 0.035 0.722 ± 0.034 

Heuristic Filtering 0.744 ± 0.041 0.639 ± 0.041 

Sieving by SI 0.557 ± 0.042 0.501 ± 0.024 

Sieving and Opening 0.581 ± 0.067 0.674 ± 0.040 

Proposed Scheme 0.787 ± 0.032 0.737 ± 0.028 

 

We also carried out two experiments to study the sensitivity of the tuning parameters 

for this VMO-based scheme. The average F-score vs. the number of iterations used in 

VMO was depicted in Fig. 5.3, indicating that the best overall results are achieved by using 

10 iterations for Tucson dataset and 20 iterations for Phoenix dataset, respectively. Note 

that higher number of iteration times demands longer time. Hence we selected 10 iterations 

for Tucson dataset despite iterating 20 times displays slightly better average F-score for the 

proposed two-stage scheme on post-processing. 

The second experiment on sensitivity analysis was depicted in Fig. 5.4, which displays 

the average F-score vs. the threshold scaling factor applied to VMO-based scheme, and the 

best overall results are achieved via multiplying the optimum threshold surface [48] by a 

threshold scaling factor in the range of 0.6 to 0.7. 
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Figure 5.3: Average F-score of VMO vs. number of iterations (left: Tucson dataset, right: 

Phoenix dataset). 

 

 

Figure 5.4: Average F-score of VMO vs. threshold scaling factor (left: Tucson dataset, right: 

Phoenix dataset). 
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5.6 Performance Analysis of Detection Algorithms Before and After the 

Four Post-Processing Schemes and the Proposed Two-Stage Scheme 

By combining the proposed post-processing scheme, five out of six detection 

algorithms (excluding MF that already involved a post-processing scheme on sieving and 

opening) as we investigated in the last two subsections, were evaluated in this subsection. 

We perform the morphological closing transformation by using a 3 × 3 structuring element 

for all of the results presented on performance comparison. We evaluated the detection 

results by using all the 100 consecutive frames from Tucson dataset and Phoenix dataset. 

Since our wide-area aerial images display different characteristics in contrast to those 

images used for these originally developed detection schemes, we adapted the five 

algorithms (SR [22], VMO [48]. FL [24], FDE [19] and PAE [64]) as mentioned above on 

detecting vehicles in our datasets. The number of true positives (TP), false negatives (FN), 

and false positives (FP) for each detection algorithm before and after applying the proposed 

post-processing scheme were summarized in Table II. The numerical comparisons in Table 

II verify that the FP count for all five detection algorithms were significantly reduced via 

the proposed two-stage post-processing scheme, i.e., as much as a 94.3% FP reduction in 

the case of FDE for the Tucson dataset. Significant decrease of Splits for each algorithm 

were also depicted in this comparison. 

There is usually a FN increase and a TP decrease for each algorithm combining the 

proposed post-processing scheme, which is a trade-off for FN reduction. The TP count 

before and after post-processing indicate variable difference for each method, from a 

decrease of 20.8% (PAE algorithm, Phoenix dataset) to an increase of 6.1% (FL algorithm, 

Tucson dataset). Comparing the average FN count, less than 5 objects per frame were 

missed in Tucson dataset and less than 10 per frame were missed in Phoenix dataset. 
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Table 5.4: Classification on detections of each algorithm: before and after the proposed 

scheme for Tucson (T) and Phoenix (P) datasets 

           Algorithm 

Detection 
SR VMO FL FDE PAE 

TP 

Before 
T 3584 3876 3207 3515 3739 

P 2674 3420 3045 2965 3298 

After 
T 3144 3126 3404 3007 3205 

P 2259 3021 2967 2501 2613 

S 

Before 
T 2866 8465 1324 868 4118 

P 591 1892 2831 801 2674 

After 
T 335 489 630 82 87 

P 89 152 1257 51 137 

M 

Before 
T 248 87 630 79 15 

P 364 121 56 280 136 

After 
T 331 804 377 357 247 

P 532 629 115 609 479 

FN 

Before 
T 180 49 175 418 258 

P 1022 519 959 815 626 

After 
T 537 82 231 648 560 

P 1269 410 978 950 968 

FP 

Before 
T 4189 7654 3244 3201 9100 

P 4933 10836 18649 3505 7667 

After 
T 686 3200 2254 183 1621 

P 1947 2124 6900 1217 1603 

 

The percentage of wrong classification (PWC) for each detection algorithm combined 

with the proposed scheme were depicted in Table 5.5. The best performance on PWC 

improvement is given by FDE, which has a PWC of 21.58% in Tucson dataset; the least 

improvement was discovered with the FL algorithm, where the PWC decreased from 

51.25% to 41.71% in Tucson dataset, and reduced from 86.47% to 72.50% in Phoenix 

dataset. The PWC of only two algorithms (FDE and PAE) reduced to below 50% for both 

datasets. VMO and FL displays better improvement for Phoenix dataset than Tucson 

dataset, while the other three algorithms, SR, FDE, and PAE, behaves the opposite. 
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Table 5.5: Percentage of wrong classifications (PWC) before and after the proposed 

post-processing (mean and 95% confidence interval) 

Algorithm 

PWC % 
SR VMO FL FDE PAE 

Before 

T 
54.39 

± 1.08 

65.60 

± 1.09 

51.25 

± 0.96 

50.41 

± 0.88 

71.45 

± 0.62 

P 
68.35 

± 0.95 

76.56 

± 0.55 

86.47 

± 0.28 

59.30 

± 0.99 

71.34 

± 0.59 

After 

T 
27.78 

± 1.16 

50.83 

± 0.98 

41.71 

± 1.27 

21.58 

± 0.77 

40.25 

± 0.90 

P 
58.42 

± 0.89 

45.18 

± 1.07 

72.50 

± 0.58 

46.07 

± 1.29 

49.26 

± 1.19 

 

The evaluation metrics of precision, recall and F-score for each algorithm before and 

after the proposed scheme on five algorithms were depicted in Figs. 5.5, 5.6 and 5.7. From 

the top diagram of each figure, we justify that before post-processing, VMO exhibits the 

highest recall for both datasets, the second lowest precision and F-score (next to PAE) for 

Tucson dataset, and the second lowest precision and F-score (next to FL) for Phoenix 

dataset; FDE displays the highest precision and F-score for both datasets, the lowest recall 

for Tucson dataset, and the median recall for Phoenix dataset. 
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Figure 5.5: Comparison of precision for each algorithm: before (top) and after (bottom) the 

proposed post-processing. 
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Figure 5.6: Comparison of recall for each algorithm: before (top) and after (bottom) the 

proposed scheme. 

 

 

 

 

 

 



53 

 

 

 

   

 

 

Figure 5.7: Comparison of F-score for each algorithm: before (top) and after (bottom) the 

proposed scheme. 
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From the bottom diagram of each figure, we justify that after post-processing, the 

precision and F-score of each algorithm were improved to some certain extent. In Tucson 

dataset, FDE displays the highest precision and F-score, while VMO exhibits the lowest 

precision and F-score. In Phoenix dataset, FDE shows the best precision, VMO presents the 

best F-score, and FL remains the lowest precision and F-score. Each algorithm for both 

datasets was persistent with recall rates higher than 0.7 except for SR in Phoenix dataset, 

indicating effectiveness of the proposed scheme. SR in Tucson dataset and PAE in both 

datasets display a recall reduction of only about 0.1 in numerical value due to the loss on 

TPs by post-processing. The recalls of VMO, FL and FDE were almost unaffected (within 

0.08 in mean) by the proposed scheme; moreover, in both Tucson and Phoenix dataset, 

VMO also preserves the best recall among each algorithm. The tight confidence intervals 

for each of the metrics validate the statistical data in our experiment. 

For a visual comparison on the performance of each detection algorithm, we took the 

50th frame from each dataset with a subimage (size = 64 × 64 pixels) for comparison, 

where the results of each detection algorithm before and after post-processing were 

depicted in Fig. 5.8. Detected objects are bounded in color, and the last column shows 

ground-truth (GT) labeling. Efficient removal of FPs by the proposed post-processing 

scheme are clearly illustrated on comparison of the result columns before and after the 

proposed two-stage post-processing. 
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ORG     SR     VMO     FL     FDE    PAE     GT 

Before               

After               

Before               

After               

Figure 5.8: Original images (ORG) and visual comparison of vehicle detections via the five 

detection algorithms before and after the proposed scheme. (rows 1-2. Tucson dataset; rows 

3-4. Phoenix dataset). 

 

In sum, experimental results verified that the proposed scheme by sieving and closing 

outperforms four other post-processing schemes through average F-score comparison in 

both Tucson and Phoenix dataset. The performance comparison of five object detection 

algorithms [19], [22], [24], [48], [64] combined with the proposed scheme demonstrates 

significant improvement on both precision and PWC, reduces FPs, and preserves recall for 

each algorithm. For the performance enhancement of automatic object detection algorithm 

in wide-area aerial imagery, the two-stage scheme of sieving and closing as proposed on 

post-processing represents an efficient strategy in use. 

We also evaluated the performance of several algorithms each combined with five 

post-processing schemes. The experiments were carried out in the following scenarios: 

three detection algorithms, VMO [48], FDE [19] and MF (Zheng’s scheme) [75] were 

chosen without post-processing to test 10 random sample frames from each dataset. The 

parameters of each algorithm were adjusted to obtain the best overall average F-score. 

Following the same procedure, we tested each of the three algorithms combined with five 

post-processing schemes. Best overall parameters for each algorithm and parameters of 
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each algorithm associated with each post-processing schemes, are specified in Tables 5.6 

and 5.7, respectively. For simplicity in notations, each post-processing scheme was 

assigned with a symbol (M1: Binary masking [49], M2: Heuristic filtering [50], M3: 

Filtering by a shape index [53], M4: Sieving and opening [75], M5: The proposed scheme 

[18], M0: No post-processing). We used the same symbols in other Figures and Tables of 

this subsection. 

Table 5.6: Best overall parameters for VMO, FDE and MF 

Method/ Year 
      Dataset 

Parameter 
Tucson (T) Phoenix (P) 

VMO’ 

2009 

Iteration times 10 20 

B for Region 

segmentation 

(normalized) 

M1, M2, M4: 

B = 0.7; 

M0, M3, M5: 

B = 0.6 

M1, M4, M5: 

B = 0.7; 

M0, M2, M3: 

B = 0.6 

FDE’ 

2011 

Threshold on Sobel 

operator 
0.30 0.20 

T for Region 

segmentation 

T = 90 

(gray threshold) 

T = 40 

(gray threshold) 

MF’ 

2013 

Top-hat, bot-hat 

transform 

Morphological 

filter, size = 3*3 

Morphological 

filter, size = 3*3 

 

Table 5.7: Best overall parameters for each post-processing scheme associated with VMO, 

FDE and MF 

Scheme Parameter VMO’09 FDE’11 MF’13 

M1 dilation size = 3 size = 3 size = 3 

M2 
[area, width / 

height] 

[7, 5] (T) [5, 5] (T) [5, 4] (T) 

[4, 5] (P) [4, 60] (P) [12, 60] (P) 

M3 
constant f (.) (× 

largest SI) 

0.17 (T), 

0.05 (P) 

0.10 (T), 

0.05 (P) 

0.45 (T), 

0.25 (P) 

M4 opening 
size = 2 

(both) 

size = 

2(T), 1(P) 

size = 1 

(both) 

M5 
[tlow, thigh] [5, 160] (T), [5, 180] (P) 

closing size = 4 size = 3 size = 3 
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For simplicity in comparison, the performance of VMO [22], FDE [19] and MF [75] 

associated with each of the five post-processing schemes [18], [49], [50], [53], [75] are 

exhibited in Table 5.8, where the number of classified detections on each scheme were 

summed from two datasets. For each detection algorithm without post-processing, we 

justify that VMO displays the highest number of TPs and the lowest number of FNs. For 

the same algorithm combined with each of the five post-processing schemes, we justify that 

our scheme indicates the lowest number of FPs for VMO and FDE, and the second lowest 

number of FPs for MF. 

 

Table 5.8: Classification on detections of VMO, FDE and MF each combined with 

five post-processing schemes 

Algm. 
        Detection 

Post-processing TP S M FN FP 

VMO’ 

2009 

M0: No Post-Processing 7296 10357 208 568 18490 

M1: Binary Masking 5495 3801 1735 842 2814 

M2: Heuristic Filtering 6025 3157 158 1889 3596 

M3: Sieving by SI 6319 5433 308 1445 10240 

M4: Sieving and Opening 5953 2794 57 2062 5523 

M5: Proposed Scheme 5678 40 1225 1169 2476 

FDE’ 

2011 

M0: No Post-Processing 6480 1669 359 1233 6706 

M1: Binary Masking 5839 713 823 1410 2232 

M2: Heuristic Filtering 6050 1284 529 1493 2438 

M3: Sieving by SI 5893 2586 90 2089 3717 

M4: Sieving and Opening 5640 2616 218 2214 2156 

M5: Proposed Scheme  5508 133 966 1598 1400 

MF’ 

2013 

M0: No Post-Processing 7035 9611 194 843 47279 

M1: Binary Masking 5721 1238 1481 870 8557 

M2: Heuristic Filtering 5547 1969 177 2348 7677 

M3: Sieving by SI 5030 2862 70 2972 24573 

M4: Sieving and Opening 5111 2064 73 2888 1977 

M5: Proposed Scheme 5715 1011 636 1721 3107 

 

We used the same subimage from the 50th frame of both datasets to perform a visual 

comparison, where detections without post-processing (with color-bounded vehicles), 

detections after using a post-processing scheme (color-boundary on regions) and the ground 

truth (rectangles in white color) are displayed in Fig. 5.9. The proposed two-stage scheme 
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(M5) on VMO and FDE display the best visual performance across each division lanes of 

traffic among the five schemes on post-processing. For Zheng’s scheme by MF, sieving and 

opening and our scheme offers better view, requiring follow-up evaluations to the other 

three schemes. 

                     VMO’2009          FDE’2011           MF’2013 

No Post-processing                 

Binary Masking                 

Heuristic Filtering                 

Sieving by SI                  

Sieving and Opening               

Proposed Scheme                

Ground Truth (GT)                

 

Frame#0050:      Tucson  Phoenix   Tucson  Phoenix    Tucson  Phoenix 

 

Figure 5.9: Visual comparison on vehicle detections: VMO, FDE and MF combined with 

each of the five post-processing schemes. 
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We performed a t-test with mean and 95% confidence interval (CI) was performed on 

all the 200 frames using the evaluation metrics [52] for each algorithm combined with each 

of the five post-processing schemes. Figs. 5.10 displays the comparison of precision, recall 

and F-score, while Fig. 5.11 depicts the metrics of MODA and MOC for each method. 

From Fig. 5.10, we justify that among the five schemes, the proposed scheme (M5) shows 

the highest precision for VMO and FDE, the second highest precision (next to M4: sieving 

and opening) for MF; binary masking (M1) displays the highest recalls on all three 

algorithms, our scheme (M5) exhibits the second best recalls for VMO and MF, a median 

recall for FDE; meanwhile, our scheme (M5) also displays the highest F-score among the 

five schemes associated with VMO, FDE and MF. Judging from the CLEAR metric [26], 

[27] in Fig. 5.11, for each paired numerical values of VMO, FDE and MF combined with a 

post-processing scheme, MODA and MOC in each diagram closely coincide with each 

other. The tight CIs in each sub-diagram strongly supports our statistical data in this 

experiment. 
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Figure 5.10: Comparison on basic IR metrics of five schemes and no post-processing: (a) 

VMO, (b) FDE, (c) MF (Zheng’s scheme). 
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Figure 5.11: Comparison on CLEAR metrics [26], [27] of five schemes and no 

post-processing: (a) VMO, (b) FDE, (c) MF (Zheng’s scheme). 
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Table 5.9 displays the performance of PWC scores for VMO, FDE and MF each 

combined with a post-processing scheme in contrast to those with no post-processing. For 

VMO and FDE, the proposed scheme (M5: sieving and closing) and binary masking (M1) 

represents the best two schemes; for MF, our scheme (M5), sieving and opening (M4) 

displays the best two of overall improvement for PWC. Ranks of PWC for each algorithm 

combined with a post-processing scheme coincide with those ranks in F-score for each 

algorithm using two datasets. 

 

Table 5.9: PWC score comparison: VMO, FDE and MF combined with each of the five 

post-processing scheme in contrast to case of no post-processing (mean and 95% CI) 

Metric PWC % 

     Scheme 

Algorithm 
M0 M1 M2 M3 M4 M5 

VMO 
71.08 

± 0.98 

39.22 

± 1.08 

47.44 

± 1.32 

64.40 

± 0.76 

54.82 

± 1.11 

38.62 

± 1.09 

FDE 
54.70 

± 0.89 

35.80 

± 2.21 

37.87 

± 1.88 

45.54 

± 2.27 

43.12 

± 1.11 

33.83 

± 1.87 

MF 
82.34 

± 1.44 

59.16 

± 1.87 

59.69 

± 2.48 

81.06 

± 1.41 

47.08 

± 1.88 

45.07 

± 1.93 

 

Up to now, we completed the analysis of performance comparison on five 

post-processing schemes [18], [49], [50], [53], [75] respectively paired with VMO, FDE 

and MF. By comparing the visual results and quantitative scores from two evaluation 

metrics [26], [27], [52], the proposed two-stage scheme by an area-thresholding sieving 

process and morphological closing transformation indicate better validity and efficiency 

than other four schemes. We justify that binary masking and the proposed two-stage 

scheme represent the best two for VMO and FDE, while sieving and opening and the 

proposed two-stage scheme indicate the best two for MF. 

Simply comparing each detection algorithm combined with any post- processing 

scheme is not computationally efficient. Hence, a second set of experiments were designed 

for efficiency-oriented post-processing comparison by involving a matching process, which 

will be further discussed in the next subsection. 
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5.7 Average F-Score Comparison: Verification of the Proposed Three- 

Stage Scheme and Matching Process 

In this subsection, the experiments I performed include the following scenarios: i) a 

verification step on our proposed 3-stage scheme via four detection algorithms comparing 

to the scheme of filtering by shape index; ii) a matching processing on comparison of 

average F-score for ten object detection algorithms each combined with every scheme of 

five post- processing methods; for computational cost efficiency, we use properly selected 

parameters for each paired detection scheme to test random sample frames; iii) a 

performance analysis of each algorithm combined with two post-processing schemes as 

voted for the best two on overall average F-score via the matching process. 

We tested the proposed three-stage scheme by a verification step: four detection 

algorithms were pick up from the six object detection algorithms we studied in [18], 

ranking from high to low in overall F-scores in two datasets. Since the two schemes are 

similar dependent on the geometric information of an object, we compare the proposed 

post-processing using compactness measure with filtering by shape index (SI) [53] on the 

four algorithms. Similarly, tuning parameters serve as the preprocessing step to achieve 

best overall F-scores for each algorithm associated with post-processing.  

The comparison on average F-score of each algorithm in all the 100 frames from two 

datasets are displayed in Table 5.10. For both datasets, the proposed scheme achieved better 

average F-score than Sieving by SI for all the four algorithms [19], [48], [64], [75]; hence, 

we decided to use the proposed scheme by measuring compactness on objects as an 

alternative scheme to Sieving by SI [53]. The proposed scheme replaces the position of 

Sieving by SI [53] to perform the matching process of each post-processing scheme to ten 

object detection algorithms. 
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Table 5.10: Comparison of average F-score: the proposed three-stage scheme versus 

filtering be shape index 

       Post-Proc. 

 

Algorithm 

Tucson Dataset Phoenix Dataset 

Proposed 

Scheme 

Sieving by 

SI 

Proposed 

Scheme 

Sieving by 

SI 

VMO 0.775 0.551 0.704 0.501 

FDE 0.866 0.819 0.673 0.562 

MF 0.618 0.426 0.341 0.188 

PAE 0.778 0.573 0.658 0.474 

 

We perform this matching process in the following steps: the frame number from 1 to 

100 are equally divided into 10 random groups, where each group contains ten different 

numbers. We label every ten-frame group with a tag numbered from 1 to 10, and each of 

the ten algorithms was randomly assigned with a different tag. As a result, each detection 

algorithm was chosen to test 10 different random frames, while the same detection 

algorithm combined with all the five post-processing schemes was assigned to test the same 

10 random frames in both datasets. We again used the average F-score as the metric for 

performance comparison, where the scores on each detection algorithm with a 

post-processing scheme are displayed in Table 5.11. Two of the five post-processing 

schemes with the best overall F-score (with bold-typed numbers in use) achieved from two 

datasets, are chosen as candidates for further use. Comparing the best overall average 

F-score for one algorithm in a row, two best post-processing schemes are voted. Counting 

the frequency of bold-typed numbers in each column, sieving and closing [18] was voted 

nine times, the proposed three-stage scheme was voted five times, and each of the other 

three schemes was voted only twice. Hence, we justify that the proposed scheme, sieving 

and closing [18] stands for two efficient post-processing schemes for the ten object 

detection algorithms. However, sieving and opening performs best for MF; in contrast to 

the other four schemes, heuristic filtering displays the highest overall F-score for TE and 

FICA. 

Since Table 5.11, we use abbreviated notations (if in need) for each scheme associated 

with a detection algorithm is different for Method 3, where we marked the proposed 3-stage 

scheme as M3* as a substitution to filtering by shape index (M3). The symbols for other 
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post-processing schemes are the same with the first set of experiments, i.e., M1: Binary 

masking [49], M2: Heuristic filtering [50], M4: Sieving and opening [75], M5: The 

proposed two-stage scheme [18]. If no post-processing, we fill in the blank as M0. 

Note that for VMO, we vote for M3: the proposed three-stage scheme, and M5: 

sieving and closing instead of M1: binary masking, because the latter one M1 generates 

much more Splits than M3 and M5 despite with a slightly higher F-score; similar concerns 

also exist for TE, where its M1: binary masking displays the poorest F-score in Tucson 

dataset despite the highest F-score in Phoenix dataset, and the sum of two scores were 

lower than M2: Heuristic filtering and M4: sieving and opening. 

 

Table 5.11: Average F-score: ten object detection algorithms each combined with any of the 

five post-processing schemes (random 10 frames for each row on test), Tucson (T) dataset 

and Phoenix (P) dataset. 

  Post- 

  Proc. 

 

 

Algm. 

Method 1 

(M1): 

Binary 

Masking 

Method 2 

(M2): 

Heuristic 

Filtering 

Method 3* 

(M3*): 

Proposed 

3-Stage 

Scheme 

Method 4 

(M4): 

Sieving and 

Opening 

Method 5 

(M5): 

Sieving and 

Closing 

T P T P T P T P T P 

LC 0.892 0.549 0.840 0.538 0.860 0.625 0.822 0.583 0.881 0.628 

VMO 0.790 0.714 0.717 0.606 0.775 0.704 0.515 0.640 0.801 0.702 

FT 0.848 0.608 0.766 0.453 0.824 0.478 0.733 0.439 0.861 0.539 

MSS 0.782 0.631 0.724 0.354 0.724 0.450 0.641 0.470 0.776 0.568 

KFCM-CV 0.725 0.306 0.569 0.296 0.584 0.401 0.467 0.205 0.587 0.407 

FDE 0.879 0.643 0.867 0.591 0.866 0.673 0.877 0.651 0.885 0.683 

PAE 0.625 0.313 0.801 0.480 0.793 0.646 0.798 0.535 0.814 0.579 

MF 0.681 0.454 0.724 0.380 0.618 0.341 0.776 0.588 0.722 0.500 

TE 0.640 0.621 0.812 0.525 0.643 0.548 0.815 0.498 0.680 0.565 

FICA 0.743 0.392 0.804 0.377 0.720 0.337 0.655 0.355 0.723 0.433 
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5.8 Ten Detection Algorithms Combined with Best Matched Post- 

Processing Schemes 

For each object detection algorithm, since the best two post-processing schemes were 

selected, we perform the quantitative evaluations using each of the ten detection methods 

with their respectively matched two post-processing schemes, where the sum on each type 

of detections are automatically counted for 100 consecutive frames comparing to the 

ground truth in two datasets. 

The performance of each algorithm combined with selected two post- processing 

schemes in Tucson dataset is exhibited in Table 5.12. From Table 5.12, we justify that in 

Tucson dataset, LC displayed the highest TP counts among all the algorithms with the 

proposed 3-stage scheme; FT achieved the highest, MSS achieved the second highest TP 

counts among all the algorithms combined with sieving and closing. FT with binary 

masking also obtained the largest number of TPs, while MF with sieving and opening 

displayed the lowest number of TPs among all the detection algorithms combined with a 

post- processing scheme. 

By a column comparison on FNs in Tucson dataset, MSS and FT represent the best 

two algorithms with lowest FN on vehicles when combined with sieving and closing. In 

similar comparison of FPs, FDE with sieving and closing displays the lowest number, 

indicating the most efficient reduction of FPs, as high as nearly 95% in contrast to FDE 

with no post-processing. The significantly reduced FP counts demonstrates the validity of 

post-processing for each algorithm. Meanwhile, each algorithm combined with either 

post-processing scheme in Table 5.12 also displays significant decrease on the count of 

Splits, while losing some TPs becomes a trade-off for any post-processing scheme 

associated with an object detection algorithm. 
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Table 5.12: Quantitative results for ten algorithms with no-post-processing (post-proc.) and 

each combined with two post-processing schemes (Tucson) 

Algorithm 

    Detection 

Scheme 
Tucson Dataset 

TP S M FN FP 

LC 

No Post-Proc. 3943 897 31 38 2788 

Proposed Scheme 3300 146 174 538 730 

Sieving and Closing 3450 235 136 426 924 

VMO 

No Post-Proc. 3880 8635 67 65 7882 

Proposed Scheme 2960 587 270 782 1563 

Sieving and Closing 3136 596 494 382 1537 

FT 

No Post-Proc. 3992 3558 4 16 6860 

Binary Masking 3750 1536 230 32 2373 

Sieving and Closing 3565 377 274 173 1226 

MSS 

No Post-Proc. 3985 4058 15 12 7785 

Binary Masking 3720 1520 216 76 1839 

Sieving and Closing 3509 460 386 117 1482 

KFCM-CV 

No Post-Proc. 3840 9217 30 142 19692 

Proposed Scheme 2885 1143 74 1053 3587 

Sieving and Closing 2941 1193 57 1014 3638 

FDE 

No Post-Proc. 3515 864 79 418 3201 

Proposed Scheme 3121 166 144 747 177 

Sieving and Closing 2974 100 364 674 164 

PAE 

No Post-Proc. 3655 3970 5 352 5793 

Proposed Scheme 2915 71 152 945 721 

Sieving and Closing 3090 167 76 846 1120 

MF 

No Post-Proc. 3843 7704 14 155 16835 

Sieving and Opening 2677 1318 6 1329 272 

Sieving and Closing 3007 37 647 358 1837 

TE 

No Post-Proc. 3736 3806 47 229 13412 

Heuristic Filtering 3298 1460 46 668 882 

Sieving and Opening 3209 1631 2 801 632 

FICA 

No Post-Proc. 3810 3061 0 202 9965 

Heuristic Filtering 3339 662 0 673 1071 

Sieving and Closing 3345 39 215 452 2044 

 

 Similarly, we analyzed the performance on the same combination of ten algorithms 

with selected two schemes in Phoenix dataset, which is presented in Table 5.13. From 

Table 5.13, we justify that in Phoenix dataset, by column comparison on TP counts, MSS 

retained the highest TP counts after M5: sieving and closing among all the algorithms 
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combined with a post-processing scheme, while TE kept the lowest TP counts after sieving 

and opening. Comparing FN counts in Table 5.13, the lowest FN counts came from MSS 

with binary masking, the highest FN counts was found by TE with sieving and opening. 

Comparing FP counts, the lowest counts came from FDE with sieving and closing, while 

the worst two cases of highest FP occurred when KFCM-CV combined with either the 

proposed scheme or sieving and closing. 

The validity of post-processing on reducing splits and FPs has similar performance in 

both Tucson and Phoenix datasets. Due to the complexity scenes in different aerial videos, 

higher number of TPs and lower number of FNs and FPs exists in Tucson dataset than 

those in Phoenix dataset. However, there were still no consistent patterns on each type of 

detection outputs when cross over multiple datasets. 
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Table 5.13: Quantitative results for ten algorithms with no post-processing (post-proc.) and 

each combined with two post-processing schemes (Phoenix) 

 

Algorithm 
      Detection 

Scheme 
Phoenix Dataset 

TP S M FN FP 

LC 

No Post-Proc. 3108 734 657 295 4903 

Proposed Scheme 2562 95 236 1262 2380 

Sieving and Closing 2737 133 209 1114 2868 

VMO 

No Post-Proc. 3224 1892 121 519 8751 

Proposed Scheme 2625 66 583 852 1502 

Sieving and Closing 2784 150 479 797 2082 

FT 

No Post-Proc. 3298 1442 170 592 8028 

Binary Masking 2607 343 439 1014 3294 

Sieving and Closing 2294 81 365 1401 2328 

MSS 

No Post-Proc. 3472 1849 338 250 9501 

Binary Masking 2674 485 833 553 2933 

Sieving and Closing 2842 109 209 1009 3602 

KFCM-CV 

No Post-Proc. 3271 2836 398 391 21847 

Proposed Scheme 2328 425 366 1366 6060 

Sieving and Closing 2271 384 386 1403 6059 

FDE 

No Post-Proc. 2962 813 283 815 3502 

Proposed Scheme 2523 101 375 1162 1471 

Sieving and Closing 2473 50 610 977 1183 

PAE 

No Post-Proc. 3322 2611 76 662 8623 

Proposed Scheme 2651 63 475 934 1831 

Sieving and Closing 2717 206 421 922 2078 

MF 

No Post-Proc. 2910 2396 59 1091 20907 

Sieving and Opening 2379 244 96 1585 2296 

Sieving and Closing 2118 285 882 1060 4303 

TE 

No Post-Proc. 3019 2458 144 897 12467 

Heuristic Filtering 2333 506 137 1590 2475 

Sieving and Opening 1995 166 40 2025 1867 

FICA 

No Post-Proc. 2956 1202 98 1006 22395 

Heuristic Filtering 2087 218 18 1955 4191 

Sieving and Closing 2165 129 534 1361 4535 

 

The basic IR metric [52] were used to quantify the detection performance of each 

algorithm before and after applying a post-processing scheme, where the precision, recall 

and F-score on each of the ten algorithms without any post-processing scheme are 
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presented in Fig. 5.12. In Tucson dataset, LC displayed the highest precision and F-score, 

while KFCM-CV displayed the highest, lowest precision and F-score, respectively; nine 

algorithms except FDE achieved a recall rate higher than 0.9. For the Phoenix dataset, FDE 

displayed the highest precision and F-score, while FICA displayed the lowest precision and 

F-score; only LC and MSS achieved a recall rate higher than 0.9, the other eight algorithms 

achieved a recall rate within 0.7 to 0.9. A t-test with mean and 95% confidence interval (CI) 

was carried out for all the 100 frames in each dataset, where the tight CIs of each metric 

supports our statistical analysis. 
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Figure 5.12: Precision, recall and F-score of ten detection algorithms before 

post-processing (top: Tucson, bottom: Phoenix) 

 

We classify the ten detection algorithms each combining with best two post-processing 

schemes in a dataset into three groups: algorithms with the proposed 3-stage scheme, 

algorithms with sieving and closing, and algorithms with the other three schemes. The 

precision, recall and F-score of each algorithm combined with selected two post-processing 

schemes are presented by six sub-diagrams in Figs. 5.13 and 5.14 for Tucson dataset and 

Phoenix dataset, respectively. 
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Comparing precision and F-score in Tucson dataset, FDE ranked the highest, TE 

ranked the lowest among the five algorithms combined with the proposed scheme; FDE 

ranked the highest, and KFCM-CV ranked the lowest among the nine algorithms combined 

with sieving and closing; regard to the other three post-processing schemes, in contrast to 

sieving and closing, FT, MSS performed poorer by binary masking, MF performed better 

by sieving and opening, while FICA performed better by heuristic filtering; TE performed 

slightly better by sieving and opening than heuristic filtering. Regarding to recall on each 

algorithm, except for KFCM-CV with two schemes and MF with sieving and opening, all 

the other methods combined with their selected post-processing schemes retained a recall 

rate no lower than 0.75. 

For precision and F-score in Phoenix dataset, by the proposed scheme, VMO, 

KFCM-CV correspondingly ranked the highest and the lowest among the five algorithms; 

by sieving and closing, FDE and KFCM-CV similarly ranked highest and lowest as they 

did in Tucson dataset; for the other three post-processing schemes, in contrast to sieving 

and closing, FT and MSS indicate similar performance by binary masking, MF performed 

better by sieving and opening. TE indicated slightly better precision and F-score by sieving 

and opening than TE by heuristic filtering, while the latter still performed better than FICA 

by heuristic filtering. Only VMO with two schemes and MSS with binary masking retained 

a recall rate no lower than 0.75, the poorest recall was found as close to 0.5 on TE by 

sieving and opening. Similar t-test with mean and 95% CI validated our statistical data by 

the tight upper and lower bound of intervals for each of the metrics. 
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Figure 5.13: Comparison on precision, recall and F-score for each detection algorithm 

combined with two post-processing schemes (Tucson dataset). 
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Figure 5.14: Comparison on precision, recall and F-score for each detection algorithm 

combined with two post-processing schemes (Phoenix dataset). 

 

The percentage of wrong classification (PWC) for each detection algorithm with two 

post-processing schemes were exhibited in Tables 5.14 and 5.15. The best performance is 
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given by FDE with sieving and closing, displaying a PWC score of 22.00% in Tucson 

dataset. The smallest improvement was discovered on LC with sieving and closing, where 

the PWC decreased from 62.36% to 58.89% in Phoenix dataset. For Tucson dataset, the 

PWC for eight algorithms except for KFCM-CV and TE reduced to below 50%; for 

Phoenix dataset, the PWC for only VMO with the proposed scheme, and FDE with sieving 

and closing reduced to below 50%. All the nine algorithms except for VMO exhibits better 

PWC improvement for Tucson dataset than Phoenix the dataset, while VMO behaves the 

opposite. 

 

Table 5.14: PWC score for each of the ten algorithms combined with two post-processing 

schemes: Tucson dataset 

   Scheme 

 

Algm. 

PWC % / Tucson Dataset 

M0 M1 M2 M3* M4 M5 

LC 
41.48 

± 1.13 
  

27.56 

± 1.19 
 

27.85 

± 1.21 

VMO 
66.30 

± 1.07 
  

40.77 

± 1.11 
 

46.93 

± 1.01 

FT 
62.72 

± 0.87 

38.68 

± 1.00 
   

27.94 

± 1.02 

MSS 
65.70 

± 0.81 

33.61 

± 1.01 
   

30.96 

± 1.03 

KFCM-CV 
83.61 

± 0.35 
  

57.28 

± 1.18 
 

60.99 

± 1.10 

FDE 
50.41 

± 0.88 
  

22.80 

± 0.78 
 

22.00 

± 0.78 

PAE 
62.26 

± 0.84 
  

36.20 

± 0.98 
 

38.66 

± 0.97 

MF 
79.10 

± 1.55 
   

37.42 

± 1.98 

41.82 

± 1.21 

TE 
78.16 

± 0.58 
 

31.78 

± 0.80 
 

51.23 

± 1.44 
 

FICA 
71.39 

± 1.25 
 

33.45 

± 1.59 
  

41.93 

± 1.44 
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Table 5.15: PWC score for each of the ten algorithms combined with two post-processing 

schemes: Phoenix dataset 

 

   Scheme 

 

Algm 

PWC % / Phoenix Dataset 

M0 M1 M2 M3* M4 M5 

LC 
62.36 

± 0.72 
  

58.34 

± 1.03 
 

58.89 

± 1.01 

VMO 
74.17 

± 0.77 
  

46.93 

± 1.01 
 

50.22 

± 1.22 

FT 
72.15 

± 0.68 

62.15 

± 0.78 
   

61.69 

± 0.97 

MSS 
73.54 

± 0.56 

56.52 

± 0.96 
   

57.78 

± 0.95 

KFCM-CV 
87.10 

± 0.25 
  

75.92 

± 0.78 
 

76.50 

± 0.67 

FDE 
58.99 

± 0.99 
  

50.77 

± 1.16 
 

46.34 

± 1.32 

PAE 
73.22 

± 0.81 
  

50.58 

± 1.50 
 

51.96 

± 1.41 

MF 
88.02 

± 0.53 
   

61.84 

± 0.86 

71.36 

± 1.04 

TE 
80.50 

± 0.95 
 

63.28 

± 1.06 
 

60.94 

± 1.67 
 

FICA 
88.52 

± 0.45 
 

74.37 

± 1.18 
  

72.97 

± 0.86 
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Tables 5.16 and 5.17 display the detection performance of each algorithm without any 

post-processing or combined with a post-processing scheme using MODA and MOC from 

the CLEAR metric [26], [27]. For Tucson dataset, FDE with sieving and closing displayed 

the highest MODA, KFCM-CV with the proposed 3-stage scheme presented the biggest 

increase on MODA, while TE with heuristic filtering indicated the lowest MODA and the 

least improvement; for Phoenix dataset, FDE with sieving and closing also displayed the 

highest MODA, MF with sieving and opening presented the biggest increase on MODA, 

while LC with sieving and closing indicated the least improvement. The MOC value of 

each algorithm before and after combining with a post-processing scheme closely coincide 

with each mean of MODA in numerical values, demonstrating the validity and accuracy of 

numerical calculations for each algorithm. 
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Table 5.16: MODA and MOC from CLEAR metric: ten detection algorithms each 

combined with two post-processing schemes, Tucson dataset 

Metric 

  Scheme 

 

Algm. 

Tucson Dataset 

M0: No 

Post-Proc. 

M3: 

Proposed 

M5: Sieving 

and Closing 
M1, M2 and M4 

MODA 

LC 
0.295 

± 0.034 

0.684 

± 0.016 

0.664 

± 0.018 
 

VMO 
-0.979 

± 0.098 

0.505 

± 0.018 

0.522 

± 0.021 
 

FT 
-0.713 

± 0.066 
 

0.652 

± 0.016 
0.401± 0.025 (M1) 

MSS 
-0.944 

± 0.070 
 

0.602 

± 0.019 
0.523± 0.021 (M1) 

KFCM-CV 
-3.944 

± 0.124 

0.039 

± 0.031 

-0.160 

± 0.035 
 

FDE 
0.097 

± 0.031 

0.769 

± 0.009 

0.790 

± 0.008 
 

PAE 
-0.531 

± 0.053 

0.585 

± 0.014 

0.510 

± 0.017 
 

MF 
-3.248 

± 0.359 
 

0.453 

± 0.023 
0.602± 0.020 (M4) 

TE 
-2.402 

± 0.113 
  

0.261± 0.032 (M2) 

0.648± 0.011(M4) 

FICA 
-1.538 

± 0.158 
 

0.377 

± 0.036 
0.564± 0.036 (M2) 

MOC 

LC 0.296 0.684 0.664  

VMO -0.981 0.505 0.522  

FT -0.714  0.651 0.401 (M1) 

MSS -0.943  0.601 0.523 (M1) 

KFCM-CV -3.944 0.039 -0.160  

FDE 0.098 0.770 0.790  

PAE -0.532 0.585 0.510  

MF -3.235  0.453 0.601 (M4) 

TE -2.400   
0.262 (M2) 

0.648 (M4) 

FICA -1.538  0.378 0.565 (M2) 
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Table 5.17: MODA and MOC from CLEAR metric: ten detection algorithms each 

combined with two post-processing schemes, Phoenix dataset 

 

Metric 

  Scheme 

 

Algm. 

Phoenix Dataset 

M0: No 

Post-Proc. 

M3: 

Proposed 

M5: Sieving 

and Closing 
M1, M2 and M4 

MODA 

LC 
-0.280 

± 0.033 

0.105 

± 0.028 

0.020 

± 0.032 
 

VMO 
-1.353 

± 0.103 

0.421 

± 0.021 

0.292 

± 0.031 
 

FT 
-1.130 

± 0.055 
 

0.080 

± 0.026 
-0.062±0.026 (M1) 

MSS 
-1.403 

± 0.060 
 

0.113 

± 0.025 
0.140± 0.022 (M1) 

KFCM-CV 
-4.473 

± 0.090 

-0.829 

± 0.045 

-0.837 

± 0.040 
 

FDE 
-0.065 

± 0.034 

0.350 

± 0.023 

0.467 

± 0.022 
 

PAE 
-1.293 

± 0.082 

0.316 

± 0.033 

0.258 

± 0.034 
 

MF 
-4.427 

± 0.220 
 

-0.324 

± 0.049 
0.044± 0.025 (M4) 

TE 
-2.302 

± 0.240 
  

0.092± 0.050 (M2) 

0.039± 0.026 (M4) 

FICA 
-4.771 

± 0.225 
 

-0.453 

± 0.039 
-0.514±0.061 (M2) 

MOC 

LC -0.280 0.103 0.019  

VMO -1.351 0.420 0.291  

FT -1.123  0.082 -0.061 (M1) 

MSS -1.402  0.112 0.141 (M1) 

KFCM-CV -4.477 -0.829 -0.838  

FDE -0.063 0.352 0.468  

PAE -1.287 0.319 0.261  

MF -4.418  -0.321 0.044 (M4) 

TE -2.292   
0.094 (M2) 

0.041 (M4) 

FICA -4.764  -0.452 -0.514 (M2) 
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5.9 Visual Comparison and Computational Efficiency 

For visual comparison, we used the 50th frame in each dataset by extracting the same 

subimages with size 64 × 64 from comprising the largest number of vehicles in one region 

for ten algorithm combined with selected post-processing schemes. Fig. 5.15 depicts the 

detection outputs of each algorithm in rows (with color bounded in vehicles), and the 

ground truth (GT) object (rectangular white regions) in the last row. Six subimages in every 

row corresponds to each detection algorithm. The odd columns and the even columns 

display visual results for Tucson dataset and Phoenix dataset, respectively; for each 

algorithm, Scheme 1, 2 has the same arrangement as previously did in Tables 5.12 and 5.13. 

Comparison the visual results on each detection algorithm before and after combining with 

a post-processing scheme, efficient removal of FPs as well as better shapes of detected 

objects can be clearly viewed comparing the result columns. 
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              No Post-Proc.           Scheme 1             Scheme 2 

LC                         

VMO                        

FT                         

MSS                         

KFCM-CV                     

FDE                         

PAE                         

MF                          

TE                          

FICA                         

GT                          

           Tucson   Phoenix     Tucson    Phoenix    Tucson    Phoenix 

Figure 5.15: Visual comparison on ten algorithms each combined with two post- 

processing schemes. 
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The improvement for computational efficiency was estimated as follows: if using each 

algorithm combining with any post-processing schemes, it requires to compute 10 × 6 = 60 

times for 200 frames; while performing the verification step along with the matching 

process, then perform comparison on two selected schemes on each algorithm, we tested 4 

× 2 + 10 × 5 × 20/200 + 10 × 2 = 33 times for 200 frames, and hence, 1 – 33/60 = 45% 

computation time have been saved by the experimental design. 

 

5.10 Performance Evaluation of Other Models and Proposed Algorithms 

We created two more tables that enumerates the quantitative results of other adapted 

algorithms that previously used for detection and segmentation [10], [13], [15]-[17], 

[21]-[22], [25], [29], [39], [44], [46], [49]-[51], [54], [56], [61], [69]-[73], [75]-[76] as well 

as detection methods derived in similar ideas with [51], [53], [62], [65] for vehicle 

detection in Tucson and Phoenix datasets, which are summarized in Tables 5.18 and 5.19. 
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Table 5.18: Quantitative results of adapted detection algorithms without post-processing 

 
Algorithm 

Detection 

Gab’ 

2004 

GR’ 

2006 

SR’ 

2007 

SUN’ 

2008 

AIM’ 

2009 

SEG’ 

2010 

SIM’ 

2011 

MF2’ 

2013 

SDSP’

2013 

JNB’ 

2015 

LPT’ 

2011 

TP 

Before 
T 3334 3743 3224 2600 2013 3311 2594 3529 2357 2632 3422 

P 3092 2689 2502 1650 1817 1544 2141 3064 2215 1475 2842 

After 
T            

P            

SP 

Before 
T 2161 1276 447 132 1468 3180 242 387 737 404 1814 

P 755 849 190 1510 820 691 76 932 718 120 301 

After 
T            

P            

MP 

Before 
T 0 138 512 819 982 5 703 256 8 160 0 

P 349 151 482 1282 708 5 965 253 701 481 252 

After 
T            

P            

FN 

Before 
T 678 131 276 593 1017 696 715 277 1647 1220 590 

P 619 1220 1076 1128 1535 2511 954 743 1144 2104 966 

After 
T            

P            

FP 

Before 
T 537 2878 1324 825 8435 2584 2235 2380 2894 197 198 

P 2240 4321 3383 1836 10301 9202 2392 4842 4809 404 2072 

After 
T            

P            

F- 

Score 
Average 

T 0.847 0.718 0.802 0.786 0.300 0.745 0.638 0.727 0.509 0.788 0.897 

P 0.685 0.501 0.534 0.527 0.237 0.209 0.561 0.523 0.427 0.541 0.664 
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Table 5.19: Quantitative comparison of adapted algorithms before and after combining with 

the proposed two-stage post-processing scheme 

 

Algm. 

Detection 

K- 

mean 

’2000 

IVS’ 

2002 

CurT

’2005 

RME

’2006 

WLM

’2007 

IMM’ 

2008 

DSW’ 

2009 

Duda

’2010 

ZOM

’2014 
QTD’ TSF’ TRF’ 

TP 

Before 
T 3524 3454 3644 3801 3973 3727 3566 3770 3818 3581 3565 3444 

P 2848 1930 3132 2395 3205 1095 3170 3261 2993 2999 3027 2677 

After 
T 3155 3424 3181 3328 3327 3500 3388 3543 3035 2931 2922 3084 

P 2703 2256 2249 2210 2533 814 2697 2706 2152 2327 2529 2128 

SP 

Before 
T 541 2762 1455 2044 2059 2127 1517 4951 7499 3076 799 1246 

P 180 313 1578 801 1542 189 1662 2110 3007 1575 1557 788 

After 
T 198 226 124 37 168 85 592 3905 471 142 73 86 

P 68 297 124 102 77 23 373 983 92 76 202 70 

MP 

Before 
T 100 0 52 38 31 9 32 239 0 287 204 9 

P 218 3 45 1503 161 2509 39 131 0 551 393 103 

After 
T 355 0 224 4 607 5 358 64 439 428 227 181 

P 322 121 186 1468 571 107 362 211 781 707 559 283 

FN 

Before 
T 388 558 316 173 8 276 414 3 194 144 243 559 

P 994 2127 883 162 694 456 851 668 1067 510 640 1280 

After 
T 502 588 607 680 78 507 266 405 538 653 863 747 

P 1035 1683 1625 382 956 3139 1001 1143 1127 1026 972 1649 

FP 

Before 
T 2093 1161 5187 11008 6539 4855 4408 7203 15671 16551 4422 770 

P 10508 1725 4009 2235 5381 3843 4149 7768 17786 13590 7318 1528 

After 
T 1439 1691 1451 1065 1332 1002 4908 4014 3112 1812 1769 714 

P 4808 2790 969 938 1418 779 1877 3457 3822 4167 1829 543 

F- 

Score 

Before 
T 0.742 0.801 0.573 0.421 0.551 0.600 0.599 0.519 0.342 0.308 0.607 0.840 

P 0.333 0.501 0.563 0.670 0.517 0.344 0.560 0.438 0.243 0.299 0.437 0.656 

After 
T 0.766 0.750 0.757 0.792 0.826 0.824 0.567 0.616 0.628 0.706 0.690 0.810 

P 0.483 0.502 0.634 0.770 0.684 0.291 0.652 0.541 0.466 0.473 0.644 0.659 
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5.11 Summary 

In the second set of experiments, we verified the proposed three-stage scheme displays 

better performance than filtering by shape index [53]. We carried out an average F-score 

comparison of random sample frames on ten algorithms [1]-[2], [4], [19], [23], [34], [48], 

[64], [68], [75] each combined with five post-processing schemes [18], [49], [50], [53], 

[75], and two of the best matched schemes are linked with each algorithm for quantitative 

evaluation using two aerial datasets. This matching process shows sieving and closing [18] 

as well as the proposed three-stage scheme represent two frequently matched schemes for 

the ten detection algorithms. It is suggested that combining with either of the two post- 

processing schemes for each algorithm, FDE and LC rank the best two in precision, F-score 

and PWC, FT and MSS rank the best two in recall in Tucson dataset, while FDE and VMO 

rank the best two in precision, F-score and PWC, VMO and MSS rank the best two in recall 

in Phoenix dataset. The metrics of MODA and MOC coincide with the ranks of each 

algorithm in PWC score. 

 



86 

 

CHAPTER 6 

PROPOSED PIXEL CLASSIFICATION SCHEME 

FOR AERIAL VEHICLES 

 

In this chapter, we propose a thresholding scheme to classify foreground and 

background pixels associated with an automatic vehicle detection method. This algorithm 

serves as the first step after applying a detection scheme based on visual saliency or 

multi-scale invariant characteristics of distinct object features, followed by using unbiased 

morphological filters so as to discard static false detections among adjacent frames. 

We verify the validity of the proposed scheme for comparing the average F-score 

towards a set of seven automatic detection algorithms [1]-[2], [22], [48], [65], [70], [75] 

before and after applying the algorithm we derived, and discuss the performance of this 

scheme combined with two representative detection algorithms via a sensitivity analysis by 

varying overlap ratios on detections to objects. Robustness of our scheme are demonstrated 

via a group of plots on precision, recall, Fβ-score via biased preference on precision and the 

degree of incremental change in average Fβ-score for tested frames over two datasets. 

 

6.1 Motivation 

    Calculating numerical counts on binary outputs after implementing a detection scheme 

requires prior input of foreground and background objects. In some specific algorithms we 

adapted as discussed in Chapter 3, we simply chose a normalized grayscale value to 

classify foreground and background pixels, however, optimal performance may be achieved 

from variable digits ranging from 0 to 1 for different aerial datasets with specific 

characteristics when given histograms on the probability distribution of true objects – i.e., 

predominant foreground or background, equally distributed as displaying a twin peak in the 

histogram, or averagely concentrated near the middle of histogram of normalized grayscale 

values. 

We tested traditional binarization algorithms such as p-value method, Otsu [41] and 

some other iterative schemes [11], while they tend to fail to solve this detection task 
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because vehicles vary in grayscale intensity in different low-resolution aerial datasets. We 

also have intent to achieve fully automatic detection when combining this thresholding 

scheme for pixel classification, and acquire the general grayscale histogram statistics on the 

true objects for each dataset. We derive this algorithm by assigning thresholds with respect 

to different grayscale intensity case of pixels, then accurately decide whether each pixel can 

be categorized as a foreground or background. 

 

6.2 Labeling Policy 

To begin with, we first implement an automatic detection scheme in wide-area aerial 

imagery (without object classification), then process the feature map of a normalized 

grayscale image (i.e., 480 x 720 in spatial resolution per frame) with the following 

thresholding scheme to determine whether each pixel is a foreground or background: 

i) For aerial datasets in which bright vehicles are predominant (i.e., Tucson dataset) 

Step 1: if the normalized grayscale value of one pixel is above the threshold (3/4) of 

the corresponding pixel and below the cutoff threshold (7/8) for thresholding, label it as a 

foreground pixel; 

Step 2: if the normalized grayscale value of one pixel is below the threshold (1/4) of 

the corresponding pixel for thresholding, then label it as a background pixel; 

Step 3: if the normalized grayscale value of one pixel is within the threshold of [1/4, 

3/4], the three cases are analyzed as below: 

Case 1: if the sum of this pixel and its 4 neighborhood pixels is above 7/2 (mean [1/4, 

3/4] + 4 * 3/4 = 7/2] and below 9/2, then label it as a foreground pixel; 

Case 2: if the sum of this pixel and its 4 neighborhood pixels is below 3/2 (mean [1/4, 

3/4] + 4 * 1/4 = 3/2], then label it as a background pixel; 

Case 3: if the sum of this pixel and its 4 neighborhood pixels is within [3/2, 7/2], 

check the sum of this pixel and its 4 diagonal neighborhood pixels. If that sum is 

above 13/4 (lower bound of [1/4, 3/4] + 4 * 3/4 = 13/4), label this pixel as foreground 

pixel, otherwise background pixel. 

Note that for aerial datasets in which dark vehicles are predominant, we can perform 

the inverse operation of labeling policy in i). 
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ii) For aerial datasets in which bright vehicles and dark vehicles are approximately 

equally distributed (i.e., Phoenix dataset) 

Step 1: if the normalized grayscale value of one pixel is above the threshold (3/4), 

then label it as a foreground pixel; 

Step 2: if the normalized grayscale value of one pixel is below the threshold (1/4) and 

above the threshold (1/8), then also label it as a foreground pixel; 

Step 3: if one pixel is within the grayscale threshold of [1/4, 3/4], consider the three 

cases as below: 

Case 1: if the sum of this pixel and its 4 neighborhood pixels is above 13/4 (low (1/4) 

+ 4 * 3/4 = 13/4], then label it as a foreground pixel; 

Case 2: if the sum of this pixel and its 4 neighborhood pixels is below 7/4 (high (3/4) 

+ 4 * 1/4 = 7/4], then also label it as a foreground pixel; 

Case 3: if the sum of this pixel and its 4 neighborhood pixels is within [7/4, 13/4], 

check the sum of this pixel and its 4 diagonal neighborhood pixels. If that sum is 

either above 13/4 or below 7/4, label this pixel as foreground pixel; otherwise 

background pixel. 

Step 4: label any other case of pixels as background pixel. 

 

iii) For aerial datasets where the normalized grayscale intensity of vehicles are 

concentrated in the middle range of grayscale histogram: 

Step 1: if the normalized grayscale value of one pixel is above the threshold (3/4) or 

below the threshold (1/4), then label it as a background pixel; 

Step 2: let γ1 and γ2 (γ1, γ2 < 1/4) be the scaling factors that determines the major range 

of normalized grayscale intensity, consider three cases as below: 

Case 1: if the normalized grayscale value of this pixel ranges from 1/4 to 1/2 - γ1, or 

ranging from 1/2 + γ2 to 3/4, if the sum of this pixel and its 4 neighborhood pixels are 

within [7/4, 13/4], and the sum of this pixel and its diagonal 4 neighborhood pixels is 

within [7/4, 13/4], label this pixel as foreground pixel; otherwise background pixel; 

Case 2: if the normalized grayscale value of this pixel threshold ranging within [1/2 - 

γ1, 1/2 + γ2], label this pixel as foreground pixel; 
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Step 3: label any other case of pixels as background pixel. 

 

Without generality of each labeling policy, we induced a sensitivity analysis with a set 

of scaling threshold factors as follows: 

i) Let α1 and α2 denote a cut-off scaling threshold, the normalized grayscale value will 

be analyzed via the range of [α1, 1 - α2]; 

ii) Let β denote a shift scaling threshold, where the normalized grayscale value of each 

pixel will be chosen from (k/4 + β) instead of k/4 (k = 0, 1, 2, 3, 4). 

For simplicity of view, this pixel-classification policy for foreground and background 

pixels referring to the proposed thresholding scheme with respect to different cases of 

grayscale histogram distributions is depicted in Table 6.1. p denotes the normalized 

grayscale value of a pixel, p4 and diag(p4) denotes the sum of normalized grayscale value 

of this pixel’s 4-neighborhood and diagonal 4-neighborhood pixels, respectively. 

 

Table 6.1: Classification of foreground and background pixels referring to the proposed 

thresholding scheme 

Threshold 

range 
[0, α1) [α1,1/4) [1/4, 1/2 – γ1) 

[1/2 – γ1, 

1/2 + γ2] 
(1/2 + γ2, 3/4] 

(3/4, 

1 – α2] 

(1 – α2, 

1] 

Bright 

vehicles 

predominant 

0 0 

Case 1: 1, if p + p4 > 7/2; 

Case 2: 0 if p + p4 < 3/2; 

Case 3: p + p4 ϵ [3/2, 7/2]: if p + diag(p4) > 

13/4, label 1; otherwise label 0. 

1 0 

Dark vehicles 

predominant 
0 1 

Inverse results in Cases 1-3 of predominant 

foreground  
0 0 

Distributed 

bright and 

dark vehicles 

0 1 

Case 1: 1, if p + p4 > 13/4; 

Case 2: 0 if p + p4 < 7/4; 

Case 3: p + p4 ϵ [7/4, 13/4]: if p + diag(p4) > 

13/4, label 1; otherwise label 0. 

1 0 

Vehicles 

concentrated 

in the middle 

range of 

histogram 

0 

label 1, if p + p4 

and p + diag(p4) 

both ϵ [7/4, 

13/4]; otherwise 

label 0. 

1 

label 1, if p + p4 

and p + diag(p4) 

both ϵ [7/4, 

13/4]; otherwise 

label 0. 

0 

Sensitivity Analysis: with Scaling factors α1, α2, γ1, γ2 (all of α1, α2, γ1, γ2 < 1/4); 

Shifting factor: β, applied to any p range ϵ [α1, 1 - α2]. 

The set of thresholds are adjusted to achieve best overall average F-score. 
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Note that for case of equal distribution, we set up α1 = 1/8 and α2 = 0. Each algorithm 

combined with the proposed scheme for pixel classification has been tested for two datasets, 

where the results are discussed in Subsection 6.4. We also performed a verification of best 

overall average F-score comparison by adjusting scaling factors and shifting factor before 

then. 

 

Correspondingly, the labeling policy for automatic detections to objects are modified 

by creating an overlap matrix (Ovlp) from detections to objects. We assign the detected 

regions with 8-connected component labeling, and perform two-dimensional scanning in 

matrix operations via an MATLAB R2015a software with Intel core i7 processor. The 

major steps on classifying each type of detections can be presented as below: 

Step 1. Construct the Ovlp matrix. Let the areas of object and detection be denoted as 

Mi and Aj, if the number of objects touched by automatic detection consists of more than 

one region, the percentage of overlap with each match via the overlap matrix measuring 

intersections at i-th row and j-th column) is marked as Ovlpij, and each element in the Ovlp 

matrix can be calculated as 

   Ovlpij = 100%
i j

i j i j

M A

M A M A




  
               (6.1) 

where i = 1, 2, …, and j = 1, 2, …, correspondingly represent the rows and columns of the 

Ovlp matrix; we select a threshold ratio λ to measure the percentage of overlap between 

detection and object. 

Step 2. Label each row with full zeros as a Miss (FN) from the row scanning in the 

Ovlp matrix; 

Step 3. Label the largest non-zero element in each row as a true positive (TP) from 

observing each non-zero Ovlpij: if there is only one non-zero element, label it as TP in 

condition that Ovlpij is no less than λ, otherwise label it as a Miss; if there are more than 

one non-zero element, label the highest Ovlpij as TP if it is no less than λ, otherwise label it 

as a Miss; label the other non-zero elements as SP. 
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Step 4. Label each column with full zeros as a false positive (FP) from the column 

scanning on the Ovlp matrix; if one column is associated with multiple non-zeros, keep the 

largest non-zero as TP, and label the others as merged positive (MP); 

Step 5. Check only for each column with multiple non-zero elements: locate each TP 

with a specific (i, j) position on the column with largest element. 

 

6.3 Proposed Algorithm 

In this subsection, we present a two-stage spatial-processing scheme to improve 

vehicle detection performance of each detection algorithm, where the procedure of our 

scheme are concisely summarized as below: 

    Stage 1. Use the proposed thresholding scheme to process the grayscale feature map 

(excluding all the pixels from outer boundary) with the designed thresholding scheme pixel 

by pixel; 

Stage 2. Take morphological operations to sieve out unnecessary tiny false objects 

(i.e., less than 5 pixels), fill in the holes and smooth the border of each detection. We 

selected a 1-pixel radius structuring element to perform the opening operation (if necessary), 

and an unbiased structuring element (i.e., size of 3 × 3 or 4 × 4) to perform the closing 

operation. 

The further work to remove false detections will be processes through temporal 

analysis. We have two methods to perform this step. One is to process frame differencing 

by an edge operator (i.e., Sobel or Canny) then perform 'and' operation after Stage 2; the 

other is to derive the following criteria as similar as the criterions [45] of motion orientation 

and object rigidity to remove static detections: 

Let us suppose ep is the average shift on pixels between adjacent frame and Distance 

is the Euclidean distance between the same detection of two adjacent frames, we use two 

thresholds that jointly justify if it is a static false detection. In other words, it means to drop 

if both criteria satisfy: 

a) Overlap (projected intersection / union) At (i) / A(t +1)(i) > 75%; 

b) Distance (centroid(At (i)) - centroid(A(t+1)(i) ) < ep /5. 

where the ep = 10 pixels will be set up for test in each dataset. 
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6.4 Experiments 

We carry out a set of experiments for the proposed spatial-processing scheme 

associated with seven automatic detection algorithms [1]-[2], [22], [48], [65], [70], [75] for 

two aerial datasets, where the average F-score along with several other evaluation metrics 

are used for performance analysis. We also tested the uniform incremental changes of the 

overlap ratio over detections to objects for one specific algorithm in the two datasets. Then, 

we verified the validity of spatial process on removing false positives. 

 

6.4.1 Average F-Score Comparison: Seven Detection Algorithms Combined with the 

Proposed Spatial-Processing Scheme 

The first test was calculating the average F-score of detection algorithms before and 

after combined with the temporal process of region-segmentation and morphological 

operations. The average F-score of each algorithm without / with the proposed 

spatial-processing scheme are displayed in Table 6.2, where the numerical results of 

F-score shows the statistical average of all the tested frames per dataset, in which each data 

was computed by the harmonic mean of precision and recall. 

Among the algorithms combined with the proposed scheme, LPT displayed the best 

average F-score as high as 0.897 in the Tucson dataset, which is also the most significant 

improvement in contrast to its original performance; multiscale morphological analysis 

(MMA) inspired by [70] was developed and achieved the highest average F-score (0.727) 

in Phoenix dataset, while the F-score improvement is generally better for algorithms in the 

Tucson dataset than in the Phoenix dataset; LPT after performing equally distributed 

segmentation reached the second highest average F-score of 0.688 in Phoenix dataset, 

which is quite close to its comparable companion when the statistical case on histogram of 

normalized grayscale values on true objects were treated as average concentration. 
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Table 6.2: Average F-score for each detection algorithm before and after combining the 

steps 1-2 of the proposed scheme: Tucson and Phoenix datasets (Note: results on 

implementation of step 3 will be shown in further experiments) 

Algm. 
Average F-score 

Cases of Test 
Tucson Phoenix 

SR 

No Post-Proc. 0.625 0.463 

Bright vehicles dominated 0.765 0.589 

Distributed bright / dark vehicles 0.765 0.546 

Vehicles concentrated in the middle of histogram fail fail 

VMO 

No Post-Proc. 0.466 0.400 

Bright vehicles dominated 0.692 0.576 

Distributed bright / dark vehicles 0.676 0.523 

Vehicles concentrated in the middle of histogram fail fail 

FT 

No Post-Proc. 0.555 0.389 

Bright vehicles dominated 0.871 0.552 

Distributed bright / dark vehicles 0.774 0.510 

Vehicles concentrated in the middle of histogram 0.807 0.584 

MSS 

No Post-Proc. 0.510 0.412 

Bright vehicles dominated 0.805 0.612 

Distributed bright / dark vehicles 0.594 0.614 

Vehicles concentrated in the middle of histogram 0.784 0.578 

LPT 

No Post-Proc. 0.243 0.199 

Bright vehicles dominated 0.897 0.403 

Distributed bright / dark vehicles 0.467 0.688 

Vehicles concentrated in the middle of histogram 0.850 0.682 

MF 

No Post-Proc. 0.331 0.151 

Bright vehicles dominated 0.763 0.425 

Distributed bright / dark vehicles 0.584 0.437 

Vehicles concentrated in the middle of histogram fail fail 

MMA 

No Post-Proc. 0.557 0.523 

Bright vehicles dominated 0.816 0.727 

Distributed bright / dark vehicles 0.621 0.498 

Vehicles concentrated in the middle of histogram 0.600 0.399 

 

When implementing the third case of pixel classification policy along with the 

detection algorithms, three out of the seven methods, saying SR, VMO and MF, returned as 

zero in F-score, indicating failure of the case study on average concentration of grayscale 

intensity level on true objects of the feature map outputs for some specific detection 

methods in aerial datasets. 
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6.4.2 Performance Analysis for Each Method with the Proposed Scheme 

    We adopted the basic IR metrics [52] for performance analysis again. However, the 

quality of detection performance can neither be simply evaluated by precision or recall, and 

their harmonic mean F-score is not a universal scale for measuring detection results over 

multiple datasets. As a result, we introduce a biased F-measure which is presented as a 

weighted harmonic mean of precision and recall with a non-negative weight β [8]: 

            Fβ = 
2

2

(1 )Precision Recall

Precision Recall

β

β

 


                      (6.2) 

We compute each type of detections with unbiased F-score, and apply the evaluation 

metric of precision, recall, F-score, Fβ and PWC to each algorithm before and after the 

proposed scheme. We set β2 = 0.3 as suggested in [8] for evaluation. The parameters of 

each algorithm before post-processing had been further adjusted to achieve the best overall 

average F-score, and the highest average F-score over multiple possibility of test cases are 

also selected for each algorithm associated with the proposed spatial-processing scheme. 

Table 6.3 displays the detection performance for seven detection algorithms, and the 

last two large columns present the quantitative scores of F-score and Fβ-score. From Table 

6.3, we justify that combining the proposed scheme in case of foreground domain, LPT 

achieved the highest Fβ value (0.924) in Tucson dataset, MMA reached the highest Fβ value 

(0.718) in Phoenix dataset; in Tucson dataset, SR and LPT reached Fβ score higher than 0.9, 

all algorithms except VMO achieved Fβ score higher than 0.7, however, in Phoenix dataset, 

only MMA achieved Fβ score higher than 0.7. 
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Table 6.3: Classified detections of six algorithms: before and after steps 1-2 of the proposed 

scheme for Tucson and Phoenix datasets 

       Algm. 

Detection 
SR VMO FT MSS LPT MF MMA 

TP 

Before 
T 3575 3890 3987 3985 3894 3843 3582 

P 2511 3224 3253 3472 2927 2910 3018 

After 
T 3164 3157 3529 3588 3383 2603 2882 

P 2129 2824 2012 2318 2636 1722 2475 

S 

Before 
T 2793 9024 3433 4058 4038 7704 980 

P 250 2111 1376 1849 1591 2396 1377 

After 
T 601 707 817 415 448 222 8 

P 86 222 75 140 158 99 32 

M 

Before 
T 255 85 3 15 6 14 162 

P 452 42 130 338 318 59 455 

After 
T 295 843 238 223 36 80 646 

P 465 537 48 100 453 286 741 

FN 

Before 
T 182 37 22 12 112 155 235 

P 1097 794 677 250 815 1091 587 

After 
T 553 12 245 201 593 1329 484 

P 1466 699 2000 1642 971 2052 844 

FP 

Before 
T 4259 9241 6471 7785 22387 16835 5651 

P 3457 8751 7550 9501 22683 20907 4960 

After 
T 239 2826 1424 1511 185 241 827 

P 1394 4122 1345 1827 1498 1677 1020 

F-score 

Before 
T 0.620 0.466 0.555 0.510 0.296 0.339 0.557 

P 0.529 0.409 0.442 0.418 0.202 0.213 0.523 

After 
T 0.886 0.691 0.809 0.808 0.897 0.764 0.816 

P 0.600 0.544 0.547 0.572 0.688 0.482 0.727 

F-Beta 

Before 
T 0.524 0.353 0.444 0.399 0.220 0.151 0.458 

P 0.473 0.318 0.354 0.323 0.145 0.228 0.435 

After 
T 0.906 0.573 0.755 0.750 0.924 0.841 0.797 

P 0.610 0.465 0.574 0.569 0.674 0.494 0.718 

 

Table 6.4 and Table 6.5 presents the IR metrics for each detection algorithm before 

and after using the newly proposed scheme. The statistical average results on each metric of 

the first 100 frames on aerial datasets of Tucson and Phoenix are illustrated in the above 

mentioned two tables. Comparing the last column on each dataset in Table 6.5, we justify 

that the PWC of all seven methods reduced to below 50% in Tucson dataset, while only 

LPT and MMA have PWC of below 50% in Phoenix dataset.
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Table 6.4: Performance analysis of seven detection algorithms before the proposed scheme 

(mean and 95% confidence interval) 

Algm. 

Tucson Phoenix 

Precision Recall F-Score 
PWC 

% 
Precision Recall F-Score 

PWC 

% 

SR 
0.445 

± 0.011 

0.887 

± 0.006 

0.591 

± 0.010 

57.90 

± 0.97 

0.436 

± 0.016 

0.697 

± 0.013 

0.529 

± 0.010 

63.87 

± 0.94 

VMO 
0.308 

± 0.011 

0.991 

± 0.003 

0.466 

± 0.013 

69.35 

± 1.11 

0.277 

± 0.009 

0.802 

± 0.009 

0.409 

± 0.010 

74.17 

± 0.77 

FT 
0.387 

± 0.009 

0.995 

± 0.003 

0.555 

± 0.009 

61.45 

± 0.84 

0.302 

± 0.006 

0.828 

± 0.010 

0.442 

± 0.008 

71.54 

± 0.63 

MSS 
0.344 

± 0.008 

0.997 

± 0.002 

0.510 

± 0.009 

65.70 

± 0.81 

0.270 

± 0.006 

0.933 

± 0.009 

0.418 

± 0.007 

73.54 

± 0.56 

LPT 
0.180 

± 0.016 

0.972 

± 0.004 

0.296 

± 0.021 

82.15 

± 1.52 

0.117 

± 0.005 

0.789 

± 0.023 

0.202 

± 0.007 

88.70 

± 0.46 

MF 
0.212 

± 0.016 

0.961 

± 0.004 

0.339 

± 0.020 

79.10 

± 1.55 

0.125 

± 0.005 

0.726 

± 0.020 

0.213 

± 0.008 

88.02 

± 0.53 

MMA 
0.398 

± 0.012 

0.939 

± 0.005 

0.557 

± 0.012 

61.19 

± 1.15 

0.381 

± 0.007 

0.837 

± 0.006 

0.525 

± 0.007 

64.55 

± 0.66 

 

Table 6.5: Performance analysis of seven detection algorithms after combining Steps 1-2 of 

the proposed scheme (mean and 95% confidence interval) 

Algm. 

Tucson Phoenix 

Precision Recall F-Score 
PWC 

% 
Precision Recall F-Score 

PWC 

% 

SR 
0.926 

± 0.008 

0.843 

± 0.007 

0.882 

± 0.005 

21.03 

± 0.87 

0.624 

± 0.020 

0.594 

± 0.014 

0.600 

± 0.008 

57.05 

± 0.85 

VMO 
0.530 

± 0.008 

0.996 

± 0.003 

0.691 

± 0.007 

47.09 

± 0.79 

0.414 

± 0.011 

0.802 

± 0.008 

0.544 

± 0.010 

62.53 

± 0.91 

FT 
0.714 

± 0.008 

0.936 

± 0.012 

0.809 

± 0.008 

31.91 

± 1.12 

0.605 

± 0.016 

0.503 

± 0.015 

0.547 

± 0.014 

62.08 

± 1.30 

MSS 
0.706 

± 0.010 

0.948 

± 0.010 

0.808 

± 0.008 

32.05 

± 1.09 

0.568 

± 0.013 

0.587 

± 0.014 

0.573 

± 0.009 

59.76 

± 0.90 

LPT 
0.949 

± 0.006 

0.851 

± 0.008 

0.897 

± 0.005 

18.66 

± 0.83 

0.666 

± 0.024 

0.734 

± 0.017 

0.688 

± 0.016 

47.01 

± 1.73 

MF 
0.921 

± 0.010 

0.664 

± 0.023 

0.764 

± 0.016 

37.60 

± 1.97 

0.526 

± 0.022 

0.458 

± 0.017 

0.482 

± 0.015 

67.92 

± 1.32 

MMA 
0.782 

± 0.013 

0.856 

± 0.005 

0.816 

± 0.007 

30.97 

± 1.00 

0.711 

± 0.010 

0.747 

± 0.010 

0.727 

± 0.008 

42.71 

± 0.96 
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In sum, the proposed thresholding scheme on pixel classification suggests both 

validity and efficiency in reducing FPs and improving PWC. With our new scheme for 

post-processing, LPT displays the best improvement on PWC for both datasets, it also 

shows the highest F-score for Tucson dataset, while MMA indicates the highest F-score for 

Phoenix dataset. LPT and SR performs the best two in Tucson dataset, MMA and LPT 

performs the best two in Phoenix dataset. 

 

6.4.3 Performance Evaluation versus Variable Overlap Ratios of LPT and MMA 

Combined with the Proposed Scheme 

We select the two algorithms with best overall average F-score in two aerial datasets 

for performance analysis after post-processing over a range of variable overlap ratios. With 

respect to the modified labeling policy, classification on each type of detections and 

average F-score for LPT and MMA are presented in Table 6.6 and Table 6.7, respectively. 

The numerical results indicate that MMA exhibits more robust performance than LPT. 

Table 6.6: Detection performance with updated labeling policy: LPT with the proposed 

scheme, Tucson and Phoenix dataset (overlap ratio: 0 : 5 : 35%) 

Dataset Tucson 

Ovlp % 0 5 10 15 20 25 30 35 

TP 3386 3009 2428 1888 1435 1059 673 416 

SP 442 327 142 52 21 10 2 0 

MP 36 36 36 36 36 36 36 36 

FN 590 967 1548 2088 2541 2917 3303 3560 

FP 182 182 182 182 182 182 182 182 

F-score 0.897 0.836 0.725 0.608 0.494 0.387 0.263 0.170 

Dataset Phoenix 

Ovlp % 0 5 10 15 20 25 30 35 

TP 2636 2191 1800 1339 983 688 443 303 

SP 158 117 67 29 17 11 8 3 

MP 453 453 453 453 453 453 453 453 

FN 971 1416 1807 2268 2624 2919 3164 3404 

FP 1498 1498 1498 1498 1498 1498 1498 1498 

F-score 0.688 0.606 0.524 0.415 0.320 0.233 0.155 0.110 
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Table 6.7: Detection performance with updated labeling policy: MMA with the proposed 

scheme, Tucson and Phoenix dataset (overlap ratio: 0 : 5 : 35%) 

Dataset Tucson 

Ovlp % 0 5 10 15 20 25 30 35 

TP 2879 2857 2763 2594 2392 2101 1814 1472 

SP 8 8 7 7 7 6 3 3 

MP 669 669 669 669 669 669 669 669 

FN 464 486 580 749 951 1242 1529 1871 

FP 887 887 887 887 887 887 887 887 

F-score 0.811 0.807 0.790 0.759 0.720 0.659 0.595 0.511 

Dataset Phoenix 

Ovlp % 0 5 10 15 20 25 30 35 

TP 2475 2075 1846 1528 1261 995 774 591 

SP 32 31 22 13 7 2 1 0 

MP 741 741 741 741 741 741 741 739 

FN 844 1244 1473 1791 2058 2324 2545 2730 

FP 1020 1020 1020 1020 1020 1020 1020 1020 

F-score 0.727 0.643 0.592 0.514 0.442 0.364 0.294 0.231 

 

   For more explicit view, we use to illustrate the quantitative value changes of precision, 

recall and Fβ score of LPT and MMA corresponding to different overlap ratios (from 

detection to ground truth objects), which are depicted in a set of subplots in Figure 6.1 for 

Tucson dataset and Figure 6.2 for Phoenix dataset, respectively. From Figure 6.1, we 

justify that in Tucson dataset, as the overlap ratio increases, LPT displays better precision 

but poorer recall comparing to those of MMA, while MMA suggests better average F-score 

than LPT when the overlap ratio is higher than 10%; for Fβ score, MMA performs slightly 

worse than LPT with overlap ratio lower than 15%, but better than LPT when the overlap 

ratio starting to increase from 15%. From Figure 6.2, we justify that in Phoenix dataset, the 

recall value is quite close for LPT and MMA when overlap ratio is no higher than 5%, 

while MMA displays higher recall in any other cases of overlap ratios. MMA uniformly 

presents better scores than those of LPT in precision, F-score and Fβ values. The 

quantitative metrics coincide with the conclusion that we have drawn from Tables 6.6-6.7, 

verifying that MMA indicates better score and more robust performance than LPT. 
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Figure 6.1: Performance evaluation of LPT and MMA with different quantitative metrics 

(overlap ratio = 0 : 5 : 35%), Tucson dataset 
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Figure 6.2: Performance evaluation of LPT and MMA with different quantitative metrics 

(overlap ratio = 0 : 5 : 35%), Phoenix dataset 

 

6.4.4 Limitations of Study 

We investigated seven detection algorithms combining with a uniform post-processing 

scheme, and demonstrated the validity and efficiency of this scheme under a variety of 

evaluation scales. The pixel classification policy has universal compatibility, while still 

increased several missed vehicles per frame in Tucson dataset, and about 20 misses per 

frame occurred for FT and MF in Phoenix dataset. Different detection methods with our 

scheme may also display non-consistent patterns on quantitative scores under variable 

overlap ratios, while further update of our scheme still requires better utilization of 

temporal information among frames. 
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6.5 Summary 

In this chapter, we have derived a spatial post-processing scheme which contains a 

thresholding method to classify foreground and background pixels, morphological 

operations via unbiased opening and closing filters to eliminate false detections. The 

proposed spatial-processing scheme suggests validity in improving the detection 

performance on a variety of algorithms for aerial vehicle detection. This scheme for pixel 

classification is as similar as a thresholding scheme for experiments in each dataset with 

respect to multiple cases of normalized grayscale intensity distributions. 

Combining with the proposed spatial-processing scheme, performance of seven 

detection algorithms [1]-[2], [22], [48], [65], [70], [75] are uniformly improved, among 

which LPT [65] and MMA [70] represents two algorithm indicate the most significant 

improvement. Combining the proposed method, LPT reached average F-score and Fβ value 

of both above 0.9, indicating the best result for Tucson dataset, MMA reached average 

F-score and Fβ value of both above 0.7, indicating the best result for Phoenix dataset; 

comparing the same evaluation metrics within a range of variable overlap ratios from 

detections to ground-truth objects, MMA displays better overall quantitative scores and 

more robustness other than those of LPT. 
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CHAPTER 7 

PERFORMANCE ANALYSIS OF TRACKING ALGORITHMS 

 

In this chapter, we present the performance of six object tracking algorithms, and 

discuss the quantitative analysis of each scheme via a set of scenarios. (Note: The 

experiments of this chapter were a collaborative effort [42] performed by Rohit C. Philip, 

Xin Gao, and Sundaresh Ram.)  

 

7.1 Motivation 

For the imaging issues on object detection and object tracking, they are two mutually 

dependent research tasks which share a variety of challenges in common, i.e., unregistered 

frames, low contrast, low resolution, interlaced video, background clutter, object occlusion, 

as well as varying degrees of motion from both camera and objects [42]. Specifically, 

several factors influence the tracking performance in a video, for instance, the amount of 

prior information on the object, and the type of parameters being tracked, i.e., location, 

scale and contour around the object, to name a few.  

Typically, three crucial components construct a tracking system [42]: an appearance 

model evaluates the likelihood of particular position that objects are located, a motion 

model that links the location of objects in time scale, and a strategy for searching that 

marks the most likely location of objects in the current frame. 

In spite of some achievement in recent two decades regarding tracking of moving 

object such as pedestrians and cars in high-resolution images, tracking low-resolution 

vehicles in aerial images has still suspending for a challenging topic due to a variety of 

reasons such as illuminate changes, occlusion among objects, non-rigid deformation, 

background clutter, and motion blur. We used a low-resolution wide-area video as the 

sample dataset, which offers several challenging issues and hence stands for a good 

platform for the representative tracking schemes being selected. We tested the sample video 

comprising 50 frames in Tucson dataset, in addition to the quantitative metric of overall 

accuracy, four different scenarios were established on the performance analysis for the 
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tracking algorithms, naming as occlusion handing, negligible motion, background clutter 

and low contrast. 

 

7.2 Summary of Tracking Algorithms 

We present the key details of the tracking algorithms proposed in [6]-[7], [47], 

[66]-[67], [74], where the brief descriptions on each method are summarized as below [42]: 

a) Incremental Video Tracking (IVT) – Ross et al. [47] established the IVT scheme. 

In this algorithm, a single point in the current frame stands for the object being tracked. In 

the next frame, a dynamic model via a particle filter determines various points for updating 

the object position. The main idea of this scheme is to calculate a window weight around 

each of the selected points towards their corresponding likelihood under the observation 

model, and select the window corresponding to most likely point as the location of the 

object in the next frame; this scheme distinguishes at performing an incremental update of 

the model after every few frames. 

b) Multiple Instance Learning (MIL) Tracker – Babenko et al. [6] proposed the 

MIL algorithm by defining an object patch referring to a search area around the object to be 

tracked in the current frame, which is followed by selecting many small patches to match 

the object patch in the search area. All the chosen patches (identically of the same size) are 

loaded into two bags: a “positive bag” holds those patches with visible parts of the object, 

and a “negative bag” holds those patches without presence of object. In order to locate the 

position of the object in the next frame, online learning is performed to each classifier (for 

instance, the learning paradigm studies the capacity to evolve and update prior information 

given a set of new data inputs) by exploiting the two bags and then applied to the patches 

picked up from the search area of that frame. Both the bags and the classifier can be 

automatically updated in the next frame. 

c) L1 Tracker – The L1 tracker was developed by Mei et al. [36] and later improved 

upon by Bao et al [7]. This tracker aims to locate the object in the new frame, given that 

sparse representation is displayed in the space spanned by target and trivial templates for 

each target patch in the search area from the earlier frame. Solving an l1, l2-regularized 

least-squares problem leads into the required sparsity information. After voting the 
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candidate object patch from the patch with smallest projection error, a Bayesian state 

inference framework is carried out for the tracking process. 

d) Partial Least Squares (PLS) Tracker – Wang et al. [67] proposed a tracking 

scheme via PLS analysis which models the correlation of object appearance and class labels 

from foreground (consisting of object) and background; tracking process can now be 

simplified as a binary classification problem via PLS analysis for the purpose of generating 

a low-dimensional discriminative feature subspace; since temporal correlation suggests a 

major distinction for object appearance and tend to repeat over time, robust tracking is able 

to be achieved via learning those models with PLS analysis. 

e) Sparse Online Tracker (SOT) – Wang et al. [66] developed the SOT tracker for 

learning an effective appearance model of the tracked object. This scheme exploits classical 

principal component analysis (PCA) with a sparse representation method for models. The 

PCA reconstruction relies on an l1-regularization problem, a new method is introduced to 

simulate an object by using sparse prototypes that explicitly models data and noise. These 

prototypes learned online with update are utilized for tracking the objects. 

f) Spatio-Temporal Context (STC) Tracker – a generative model-based object 

tracker was derived by Zhang et al. [74] by taking advantage of the spatio-temporal context 

information. In their scheme, the spatio-temporal relationships between the object of 

interest and its local context approach are formulated on the basis of a Bayesian framework, 

from which the statistical correlation between low-level features (i.e., image intensity and 

position) from the target and its surroundings is simulated. Computing a confidence map 

followed by obtaining best target location via maximizing an object location likelihood 

function accomplishes the tracking task of multiple objects. 

 

7.3 Experiments 

  We carried out the experiments in the following scenarios: from Tucson dataset, 50 

interlaced frames presenting an extensive variety of tracking challenges were extracted. 

Aerial vehicles are numbered across 50 frames. A detailed manual segmentation for all the 

vehicles served as the ground truth for performance evaluation. One specific example of 

vehicle tracking results is depicted in Fig. 7.1 [42]. 
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Figure 7.1: Sample results of tracked vehicles with respect to object tracking methods. (The first row 

displays the original frames (ORG), while the second shows cars of interest labeled (LAB) with a bound- 

ing box. Rows 3-7 present all the results where each car is labeled by a uniquely colored bounding box.) 

 

The set of evaluation parameters consists of localization error, overlap accuracy, 

and/or the number of frames over one specific vehicle has been correctly tracked before 

failing. The scenarios of performance metrics on each tracker are displayed as below: 

 

7.3.1 Overall Accuracy 

We evaluate the tracking performance of each scheme for every vehicle in comparison 

with the ground truth objects. Two evaluation metrics were used to quantify the accuracy. 

The localization error was defined by Euclidean distance between center pixels, and the 

overlap accuracy refers to mutual overlap of the bounding boxes using Dice index [14]. The 

results averaged over all the 39 vehicles across 50 frames was depicted in Table 7.1 [42]. 
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Table 7.1: Performance Metrics on Overall Accuracy 

Algorithm Localization (Pixels) Overlap (%) 

PLS 1.8 70.96 

SOT 4.7 63.61 

IVT 4.7 63.61 

L1 7.8 66.61 

STC 10.0 61.55 

MIL 70.7 34.54 

 

From Table 7.1, we justify that PLS performs the best with a localization error of 1.8 

pixels on average, and the highest overlap percentage supports its better shape retention 

than other five schemes. SOT and IVT displays the same numerical values in terms of both 

localization error and overlap accuracy. L1 tracking has the second best shape retention 

among six algorithms, which is evidenced by the better percentage of overlap accuracy, 

while it is slightly less accurate at predicting the center pixel location. Notably, STC shows 

the lowest overlap and MIL displays the highest localization error, indicating poor accuracy 

using both metrics. 

 

7.3.2 Occlusion Handling 

One unique challenge in the form of partial occlusion with an overhanging traffic 

signal was discovered on the 36th vehicle in ten consecutive frames from 18 to 27. The 

capabilities of the six tracking algorithms to handle the partial occlusion of that particular 

vehicle was illustrated in Table 7.2 [42]. 

Table 7.2: Performance Metrics on Occlusion Handing 

Algorithm Localization (Pixels) Overlap (%) Frames 

PLS 1.7 74.46 50 

STC 2.4 68.35 50 

MIL 2.5 69.45 50 

L1 32.3 16.29 11 

SOT 32.5 8.25 6 

IVT 34.7 8.23 6 

 

PLS, SOT and IVT and SOT trackers accurately tracked the 36th vehicle over all 50 

frames, L1 tracker accurately tracks it till the twelfth frame before failing, while SOT and 



107 

 

IVT only tracked till the seventh frame before being influenced by the occluding traffic 

light and losing track of the car. The individual overlap accuracy and localization error of 

that car versus frame number for all the tracking schemes are plotted in Fig. 7.2 [42]. 

 

(a) Overlap Accuracy 

 
(b) Localization Error 

Figure 7.2: Occlusion Handling on the 36th vehicle 



108 

 

 

7.3.3 Negligible Motion 

We investigated the 8th vehicle in the sample video, where the car is waiting to make 

a turn, and remains almost stationary with negligible motion. As a result, a unique problem 

occurs to these tracking algorithms designed to track moving objects. In Table 7.3 [42], the 

performance of six algorithms were tabulated for measuring tracking accuracy on the 8th 

vehicle. From Table 7.3, it is clearly viewed that the L1 tracker performs the best if tracking 

a specific car with negligible motion in the presence of multiple moving objects. The PLS 

tracking method shows the second best on localization error and performs nearly the same 

as that of detecting faster moving objects, while both the SOT and IVT tracker displays the 

same localization error and close overlap accuracy to each other. STC also performs well in 

this scenario with a low localization error of 1.8 pixels and moderate overlap accuracy, 

MIL displays the worst performance under all the three parameters. 

Table 7.3: Performance Metrics on Negligible Motion 

Algorithm Localization (Pixels) Overlap (%) Frames 

L1 0.6 79.78 50 

SOT 1.5 75.25 50 

IVT 1.5 74.27 50 

PLS 1.3 69.47 50 

STC 1.8 65.16 50 

MIL 39.5 4.31 6 

 

The individual overlap accuracy and localization error of the 8th vehicle (stationary 

car) for each of the 50 frames is shown in Fig. 7.3 [42]. 
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(a) Overlap Accuracy 

 
(b) Localization Error 

Figure 7.3: Negligible Motion on the 8th vehicle 

 

7.3.4 Background Clutter 
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In our sample video, multiple cars all moving together surrounded the 10th vehicle by 

moving at slightly different speeds, and also passes next to the 8th vehicle (stationary car) 

and a median on the road. We use the high background clutter scenario for performance 

evaluation of the six trackers, where the results are displayed in Table 7.4 [42]. 

Table 7.4: Performance Metrics on Background Clutter 

Algorithm Localization (Pixels) Overlap (%) Frames 

PLS 1.6 73.64 50 

STC 1.7 71.36 48 

SOT 1.7 71.52 49 

IVT 2.2 70.16 48 

L1 20.7 36.69 23 

MIL 46.6 3.27 2 

 

The individual overlap accuracy and localization error of the 10th vehicle across all 50 

frames is shown in Fig. 7.4 [42]. 
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(a) Overlap Accuracy 

 
(b) Localization Error 

Figure 7.4: Background Clutter on the 10th vehicle 

In this scenario, the four trackers PLS, STC, SOT and IVT perform well. The L1 

algorithm accurately tracks the 10th vehicle over 23 frames, however, since the 24th frame 
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it starts to wrongly track the approaching median road instead of the 10th vehicle. There 

have been no overlap accuracy starting from this frame onwards, resulting into the lower 

mean of overlap accuracy comparing to the former four trackers. The worst performed MIL 

tracker is only capable of tracking the beginning two frames. 

 

7.3.5 Low Contrast 

Another vehicle numbered 29 is unique since it displays similar color to that of the 

road, which potentially influenced the tracking algorithms due to insufficient contrast 

between the background and the object to be tracked. The performance of all six trackers, 

the overlap accuracy and localization error on the 29th vehicle [42] are illustrated in Table 

7.5 and Fig. 7.5, respectively. 

Table 7.5: Performance Metrics on Background Clutter 

Algorithm Localization (Pixels) Overlap (%) Frames 

L1 1.0 80.52 50 

PLS 1.3 80.49 50 

SOT 1.5 74.66 50 

IVT 1.7 69.26 50 

STC 2.1 60.28 50 

MIL 7.0 21.48 16 
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(a) Overlap Accuracy 

 
(b) Localization Error 

Figure 7.5: Low Contrast of the 29th vehicle 

In the scenario of low contrast, the L1, PLS, SOT, IVT and STC trackers all indicates 

good performance with localization errors of only 1-2 pixels and overlap accuracy above 
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60%. The MIL tracker performs quite well until the 18th frame and after which it loses the 

car in the background. It is also discovered that MIL attempts for self-correction and trace 

the 29th car again after losing it in the tenth frame, however, that car subsequently got lost 

starting from frames 17-20 after which the localization error booms up. 

 

7.4 Discussion 

Up to now, judging from the performance analysis of all six trackers, PLS [67] 

displays the best overall performance for the selected vehicles on evaluation, either clearly 

surpassing the other five trackers or having similar results on localization and overlaps. The 

MIL tracker [6] claims to be well performed in background clutter, as indicated from Table 

7.4, due to low resolution and the lack of a definitive feature set for it to learn from by our 

observations. However, MIL indicates poor accuracy among all the other scenarios: it 

performs poorly for the same reason in the case of low contrast and negligible motion, but 

performs exceptionally well in the case of occlusion handling due to its capability to learn 

from features and accurately re-track the car even after temporal lost. While the L1 tracker 

is expected to perform well under occlusion [7], due to the similar shape of the occluding 

object to the tracked object because of low resolution and interlacing in our Tucson dataset, 

this algorithm tends to lose track of the 36th vehicle as evidenced by the results in Table 7.2. 

Owing to the use of PCA in modeling the object by both methods while PCA does not 

produce distinctive features due to the low resolution of all 50 frames, the SOT [66] and 

IVT [47] trackers are comparable in performance across scenarios, with both failing to 

handle occlusion satisfactorily. Similar evidenced from results of occlusion handing, STC 

tracker handles occlusion exceptionally well as stated in [74], displays considerably good 

performance in both background clutter and negligible motion, while this tracker 

conversely shows quite poor results in low contrast due to low spatial-temporal context. 

To sum up, none of the MIL, L1, SOT, IVT and STC tracking algorithms [6]-[7], [47], 

[66], [74] accurately tracks the object on evaluation in at least one of the challenging 

scenarios as discussed. Among the six trackers, the PLS algorithm [67] displays the best 

overall performance in all the scenarios, which suggests a good fit for applications oriented 

for tracking small objects in low-resolution, wide-area aerial imagery [42]. 
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CHAPTER 8 

CONCLUSIONS AND FUTURE WORK 

 

8.1 Conclusions 

We have investigated the research topic of detecting vehicles using automatic object 

detection algorithms or image segmentation techniques in wide-aerial aerial images. A brief 

study of recent algorithms has been presented. We adapted twelve representative detection 

algorithms [1]-[2], [4], [19], [22]-[24], [34], [48], [64], [68], [75] for quantitative evaluation, 

contributed to performance improvement of typical algorithms such as VMO [48], and proposed 

a two-stage scheme [18] and three-stage scheme for post-processing in comparison to four 

existing schemes [49]-[50], [53], [75] in order to reduce false detections. Two sets of 

experiments were conducted in different scenarios for each algorithm combined with a post- 

processing scheme. From test of random sample frames, combining four algorithms [19], [48], 

[64], [75] with the proposed three-stage post-processing scheme, comprising object pre-sieving, 

morphological closing and conditional sieving of objects with respect to the compactness 

measure, was found to have much better performance than combining those algorithms with 

sieving by shape index [53]. In experiments of all the frames from two datasets, the two-stage 

scheme of sieving and closing [18] was combined with nine algorithms [1]-[2], [4], [19], [34], 

[48], [64], [68], [75], the proposed three-stage scheme was combined with five algorithms [19], 

[34], [48], [64], [68]. The average F-score comparison of random sample frames demonstrates 

the advantages of the proposed two schemes when evaluating the performance of cross- 

validation for each algorithm combined with each post-processing scheme. 

We selected the best two schemes associated with each algorithm for performance analysis 

on object detection using two aerial datasets. This matching process significantly reduced 

computational cost of experiments. By combining the selected post-processing schemes for each 

algorithm, the detection performance was quantified via two sets of evaluation metrics. We 

found that for the Tucson dataset, FDE and LC rank the best two in precision, F-score and PWC, 

and FT and MSS rank the best two in recall. For the Phoenix dataset, FDE and VMO rank the 

best two in precision, F-score and PWC, and VMO and MSS rank the best two in recall. The 

rankings using the CLEAR metrics [26], [27] of MODA and MOC coincide with the rankings of 

each method in PWC improvement, verifying efficiency on the proposed post-processing. 
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In order to classify foreground and background pixels in grayscale aerial imagery, we 

developed a thresholding scheme for pixel classification. This method is capable of achieving 

efficient classification of foreground and background pixels for a set of detection algorithms on 

the basis of saliency detection and multi-scale morphological analysis. This automatic algorithm 

combines pixel classification and mathematical morphological filtering, and judging from the 

percentage of overlap and pixel shift of detections from two adjacent frames, the algorithm 

shows incremental F-score improvement and robustness according to the sensitivity analysis 

towards different thresholds of the percentage of overlap from each detection to each GT vehicle. 

We used the manual segmentation of vehicles inside a roadway in each frame as the ground 

truth in order to obtain a performance analysis of six recent tracking algorithms [6]-[7], [47], 

[66]-[67], [74] using 50 raw-unregistered frames from the Tucson sample video. The localization 

error and overlap accuracy are quantified in different scenarios for each tracking scheme, and the 

PLS tracker [67] displays the best overall performance in our investigation. 

 

8.2 Future Work 

In wide-area aerial images, exploiting common image features such as grayscale 

information and morphological features renders a bottleneck in the performance of many 

detection algorithms. In further study, we plan to improve several algorithms that we found to be 

promising candidates in each category of recent methods adapted for moving object detection in 

wide-area aerial surveillance [5], [43], [58]. Combining temporal motion information with a 

multi-resolution fusion scheme [60] would also offer better solutions to eliminate static false 

objects among frames after registration. 
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