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ABSTRACT 

 

Detecting, counting, and classifying objects represent the most primary and challenging tasks in 

the field of computer vision. In the signal, image, and video processing domain, it is crucial to 

improve detection performance and apply evaluation metrics when evaluating algorithms and post-

processing schemes. In this Ph.D. Dissertation, we have conducted research studies on single-class 

vehicle detection, counting, and classification, as well as multi-class object detection, classification, 

and recognition using aerial datasets of variable resolutions. For single-class vehicle detection and 

classification, major contributions are categorized in three manifolds: i) adapted a variety of object 

detection and segmentation algorithms and five existing post-processing schemes, quantified and 

compared their performance to analyze their advantages and shortcomings via two sets of evaluation 

metrics; ii) derived three post-processing schemes on object detection and classification using low-

resolution wide-area aerial datasets, conducted quantitative analysis based on two sets of classical 

metrics and some enhanced measures; iii) applied the multi-stage learning based methods for large-

scale datasets where the test images are of variable resolutions and oriented for different topics. For 

multi-class object detection, classification, and recognition, we have conducted research studies in 

the following aspects: i) performed multi-class detection on small objects by designing optimal post-

processing module; ii) applied two-stage learning and updated learning schemes for aerial objects; 

and iii) supplemented machine learning based quantitative results and ablation study on some related 

research topics. Experimental results have proved the validity and efficiency in these scenarios: a) 

improved average F-score to be more than 0.8 and achieved average reduction of 83.8% in false 

positives for five object detection and segmentation methods; b) applied FC-DenseNet-103 model 

for two-stage machine learning in the online vehicle detection in aerial imagery (VEDAI) dataset, 

where an average of 0.855 for initial object detection accuracy was achieved via Google Colab Pro 

using adjusted learning rates and some other optimized parameters for both training and validation; 

optimal post-processing results were achieved by the proposed MTAP scheme (0.891 on object 

detection accuracy and 82.8% on mean average precision (mAP)), which may progressively improve 

the performance of multi-class object detection and classification; and c) achieved relatively better 

performance for vehicle license plate recognition (VLPR) when comparing to a few classical 

approaches. 

 



16 
 

 
 

CHAPTER 1: INTRODUCTION 

 

1.1. Motivations 

In computer vision, object detection in wide-area aerial imagery [39], [40], [43]-[48], [101], [102], 

[113], [154], [156], [198] represents a challenging task. Due to the merits such as fast processing, 

wide coverage, and low cost of imaging tools in contrast to on-road sensing systems, quite a few 

applicable research topics, e.g., video surveillance, multi-object tracking, intelligent transportation, 

emergency rescue and a few other theoretical fields in image processing, highly rely on analysis of 

wide-area aerial images [3], [15], [43]-[48], [99], [101], [112]-[114]. 

Because of the low resolution in aerial frames, low contrast among multiple objects, relatively 

complex backgrounds, illumination ambiguities, appearance shift, variable motion and occlusions, 

it is extremely difficult to achieve perfect object detection in all traffic scenes. In our research study, 

we present a comparative study of twenty-six automatic algorithms [1], [2], [5], [11], [43], [52], [56], 

[59], [60], [61], [93], [94], [97], [104], [128], [130], [141], [145], [155], [166], [173], [182], [193], 

[195], [206] adapted for object detection in wide-area aerial imagery. We took hundreds of low-

resolution wide-area aerial images (using a camcorder in a helicopter to record vehicles on some 

traffic lanes from a bird’s eye view) from several sample datasets. The low-resolution camcorder in 

a helicopter follows the motion of moving cars and tracks them in a single direction. For instance, 

one is a Tucson dataset with visible traffic flow of west-to-east direction in a local roadway, and the 

other is a Phoenix dataset where vehicles move in nearly south-to-north direction along the I-10 

freeway. We also refer to the two sample datasets as T-set and P-set, respectively, where the spatial 

resolution of frames extracted from the two sample aerial videos is uniformly 720 × 480 pixels. 

Manual segmentation with ideal rectangles of every vehicle in each image serves as the ground truth, 

which comprises 4012 vehicles in Tucson dataset and 4060 vehicles in Phoenix dataset, where all 

the ground truth vehicles were segmented in rectangular shape. We evaluated the detection errors 

[35], [39], [65], [96], [105] on grayscale images from the sample datasets with respect to the ground 

truth and provided some quantitative results [43]-[48]. We derived two post-processing schemes and 

a third scheme with both spatial processing and spatio-temporal analysis to five local aerial video 

datasets and two publicly available online aerial datasets to evaluate performance improvement to 

some object detection and segmentation algorithms [1], [2], [52], [56], [128], [130], [155], [173], 

[193], [195]. Meanwhile, we also presented selecting post-processing schemes for accurate detection 
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on small objects using three aerial datasets (Tucson, Phoenix and online VEDAI), then sketched a 

machine learning-based framework on vehicle license plate recognition (VLPR). 

This Ph.D. dissertation consists of two fundamental research modules: the first module is single-

class based detection, counting, and classification on vehicles from wide-area aerial imagery, which 

are presented in Chapters 2-4. The second module consists of two parts: the first part is multi-class 

based detection and classification on small objects in Chapter 5, which presents selecting post-

processings schemes on voting best three for each of the ten object detection algorithms for Tucson 

and Phoenix datasets; meanwhile, when implementing a two-stage machine learning approach on 

multi-class object detection and classification for online VEDAI dataset, we design our experiments 

to select post-processing schemes on improving object detection accuracy. The second part 

comprises tilt correction, character segmentation and multi-class object recognition in vehicle 

license plate images, which are discussed in Chapter 6. 

 

1.2. Problem Statements 

Detection and classification of vehicles in wide-area aerial imagery [6], [12], [14]-[16], [18], [32], 

[37]-[40], [43]-[48], [101], [102], [113], [154], [156], [198] involves a great number of challenging 

issues such as model diversity, partial occlusion, illumination change, low resolution, low contrast 

and background cluttering. Several representative applications in this research field, include defense 

military, emergency care and transportations, to be more specific, remote surveillance, urban traffic 

management, autonomous driving, evacuation and rescue, multiple target tracking, and wide-area 

monitoring of parking spaces [39], [40], [43]-[48], [81], [99], [137]-[139], [194], [200]. Technical 

methods to handle this object detection task include shape and intensity-based feature selection [56], 

[116], [120], [141], adaptive segmentation [126], [130], saliency modeling [1], [2], [11], [56], [57], 

[89], [197], [201], context-awareness based detection [110], [204], and multi-scale feature learning 

[73], [116], [186]; meanwhile, the growth of convolutional neural networks (CNN) [18], [22], [121], 

[133], [147], [194], [198] in deep learning, have also been enriching the methodology of detecting 

aerial vehicles. Due to the high rate of false positives when applying a variety of existing algorithms 

on detection and segmentation, post-processing is usually quite necessary to improve the detection 

performance. With respect to the basic information retrieval (IR) metrics and CLEAR metrics [39], 

[65], [105] as well as several other enhanced measures such as the weighted Fβ measure [96], the 

structural similarity index measure [35], and the enhanced alignment measure [33] on foreground 
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map (FM) based evaluations, it is more convenient to present performance analysis among several 

post-processing schemes [39], [40], [43]-[48] for optimal selection. 

In our previous study, the frequently used post-processing schemes we have investigated, include 

filtered dilation [131], heuristic filtering [132], filtering by shape index [137], as well as sieving and 

opening [193]. We studied the advantages and weakness of these schemes [45], [48], then presented 

any possible combinations of a single post-processing scheme to improve performance on an object 

segmentation algorithm named as the variational minimax segmentation (VMO) based scheme [45]. 

Meanwhile, we derived a two-stage post-processing scheme (sieving and closing) [39], [45], which 

eliminates false detections using two pixel-area thresholds followed by morphological closing, and 

a three-stage SIVP scheme [48] applying conditional sieving to detected objects of small size and 

semi-soft area thresholding to those objects of large size with respect to the measure of compactness 

[154]. The SIVP scheme does not rely on vehicle size and can be applicable for datasets with variable 

image resolutions [48]. Also, the degree of improvement for this scheme associated with five vehicle 

detection algorithms (i.e., SR, VMO, FL, FDE and PAE as specified in [48]), were measured by 

several quantitative metrics such as average F-score, percentage of wrong classifications (PWC) and 

average CPU execution time per frame. Motivated by the post-processing schemes [39], [44]-[48] 

as mentioned above, we developed another three-stage scheme (referred as the MTAP scheme) [43], 

which comprises median filtering, opening and closing, followed by linear Gaussian filtering with 

non-maximum suppression (NMS). We evaluated the performance on ten algorithms [43], [56], [67], 

[104], [128], [145], [155], [173], [182], [195] adapted for vehicle detection before and after applying 

the existing schemes [39], [44]-[48] and the proposed MTAP post-processing scheme [43]. Several 

types of detection errors [39] were classified, and quantitative analysis were presented on each 

algorithm post-processed by the MTAP scheme [43] and the SIVP scheme [48] via two sets of 

evaluation metrics: the CLEAR metrics [65] and a set of measures on foreground maps [33], [35], 

[96], where the former includes multiple object detection accuracy (MODA) and multiple object 

counts (MOC), the latter comprises the weighted Fβ measure, the structural similarity index measure 

(SSIM) and the enhanced alignment measure (EAM) in addition to average F-score and Jaccard 

index (JI). We evaluated the algorithm complexity of proposed post-processing scheme, and how it 

reduces the time cost for the ten vehicle detection algorithms [43], [56], [67], [104], [128], [145], 

[155], [173], [182], [195] applied for two aerial datasets VIVID200 (a subset of 1166 vehicles on 

200 images, spatial resolution: 640 × 480 pixels) and VEDAI302 (960 objects on 302 images, spatial 
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resolution: 1024 × 1024 pixels). We also calculated the average time speed-up and time complexity 

on the proposed MTAP scheme [43] in contrast to the SIVP scheme in [48] and several existing 

methods [45], [46], [131], [132], [137], [193]. 

When performing multi-stage detection and classification on aerial vehicles, it is often necessary 

to incorporate a post-processing scheme on reducing false detections. Regarding some of the 

automatic algorithms [46] adapted for vehicle detection using aerial video, the first step of each 

algorithm applies some form of saliency enhancement, which obtains an initial segmentation of 

objects versus background. However, the use of these algorithms results in very high error rates 

since no post-processing is used to shape the correctly detected objects and drop any incorrect 

detections. Simply using normalized grayscale thresholds or applying a widely used scheme such as 

Otsu thresholding [106] for pixel-based classification, may result in an unacceptable error rate [11], 

[39], [105], [133]. Hence, it is often necessary to augment an automatic detection algorithm with a 

post-processing scheme, while the optimal selection on post-processing, are validated through our 

study on ten algorithms each associated by any of the seven post-processing schemes in two datasets 

(Tucson and Phoenix), then validating further performance improvement for the voted three post-

processings schemes in a third dataset: the reference model on multi-class vehicle detection and 

segmentation, is a two-stage machine learning scheme [61] to handle large-scale datasets such as 

online VEDAI. Recall that while no spatial connectivity exists among inter-frames in a dataset, 

previous temporal analysis fails to work. Hence, these post-processing schemes are all processed in 

spatial domain for fair comparison and for the generality of vehicle detection. At that point, our 

performance metrics are based on object detection accuracy, mean average precision (mAP), the 

balance between time efficiency and complexity of algorithms, where “objects” refer to multi-class 

vehicles, comprising cars, pickups, tractors, camping cars, trucks, and vans, etc. 

Besides, we need to consider the technical advances, coherence, and originality of research topics. 

In addition to finalize the historically leftover work [49] on vehicle license plate recognition and tilt 

correction using public dataset, we emphasized multi-class detection and classification on small 

objects by applying a machine learning based approach followed up with selected post-processing 

schemes. As a result, we have extended the depth and width of our original research study to enrich 

the technical capacity of this Ph.D. dissertation. 

 

1.3. Research Contributions 
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The first module of this Ph.D. dissertation comprises of single class-based vehicle detection and 

classification, which integrates three research articles published in the Journal of Signal, Image, and 

Video Processing (SIVP), Journal of Multimedia Tools and Applications (MTAP), and IEEE Access, 

where we individually optimize the vehicle detection methods when testing aerial frames using our 

derived post-processing schemes. Major contributions of our work in this module, are summarized 

as follows [43], [46], [48]: 

i) We implemented and adapted more than fifty automatic segmentation algorithms on vehicle 

detection in wide-area aerial imagery, then selected a small set of twenty algorithms for performance 

analysis; meanwhile, we created an automatic labeling policy on an overlap matrix to classify each 

type of detection. The selected twenty-six algorithms include both classical methods and machine 

learning-based approaches adapted for vehicle detection and classification. 

ii) Since post-processing is often necessary to reduce false detections, making a balance between 

improving average F-score and computation time is worthwhile to study. We derived a SIVP post-

processing scheme, which includes pre-sieving by area thresholding, morphological closing, and 

conditional sieving with respect to compactness; in contrast to five existing post-processing schemes, 

the proposed scheme yields better performance than five existing schemes; we measured the degree 

of improvement when combining each of five selected detection algorithms with our proposed SIVP 

post-processing scheme using several quantitative metrics. 

iii) In contrast to the SIVP post-processing scheme in [48], we developed another post-processing 

scheme (MTAP scheme) [43] which applies median filter, opening and closing, and linear Gaussian 

filter followed by non-maximum suppression in cascaded design. By adopting some of the enhanced 

measures (i.e., weighed Fβ, SSIM and EAM) along with average F-score, MODA, MOC and average 

CPU execution time, both validity and accuracy of the proposed MTAP scheme are evaluated for 

ten object detection algorithms from using two public aerial datasets (VIVID200 and VEDAI302); 

we also supplemented verifications on this scheme post-processed for the same ten algorithms with 

two different datasets, and just replacing ten different algorithms on test. 

iv) We measured the average CPU execution time for each algorithm, then providing specific 

comparison of detecting objects from aerial imagery by three manifolds: those without any post-

processing, those being post-processed by either SIVP scheme (based on pre-sieving, morphological 

closing, and the compactness measure) or MTAP scheme. The time complexity and average speed-

up ratio for our MTAP scheme and the other seven post-processing schemes are also investigated. 
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v) We derived a spatial processing scheme to reduce false detections when comparing to the 

ground truth objects in each frame. This scheme combines 8-neighbor pixel-weight thresholding and 

mathematical morphological analysis (opening and closing). The performance improvements were 

assessed for nine automatic detection methods using seven aerial video datasets; meanwhile, we 

designed a temporal processing scheme using two criteria to further eliminate false detections when 

using registered frames from an aerial video, and then applied the spatio-temporal processing 

scheme to evaluate its quantitative scores on improving average F-score using consecutive aerial 

frames in five local datasets and one public dataset. We applied sensitivity analysis to evaluate the 

performance of two vehicle detection algorithms using some basic information retrieval metrics [5], 

[39], [42], [105], [133] under various overlap thresholds for classifying detections, then measured 

how the size of structuring elements affects average F-score on four algorithms for spatial processing. 

vi) We conducted a variety of experiments to verify that the proposed spatio-temporal processing 

significantly reduces false positive rates for all the vehicle detection algorithms under test, using 

either local or public aerial video datasets; in addition, we prospected selecting and applying the 

proposed three schemes with other existing schemes on post-processing to a finite set of automatic 

detection algorithms, and test for the optimal scheme(s) on post-processing. 

 

  The second module of this Ph.D. dissertation is basically focused on multi-class object detection, 

classification, and recognition, where the major contributions are presented as below [49], [149]: 

i) A set of experiments were established to measure the degree of performance improvements on 

each of the seven post-processing schemes for any of the ten vehicle detection algorithms, where 

our quantitative evaluations were performed in Tucson and Phoenix datasets; three post-processing 

schemes (with respect to the three highest overall average F-scores) were voted for each of the ten 

algorithms, and the related verification got conducted on a third aerial dataset (we named it as online 

VEDAI), which is publicly online available. 

ii) Given the fact that no spatial pixel connectivity exists among each frame in the online VEDAI 

dataset, a two-stage learning scheme was adapted for multi-class vehicle detection, which applied 

Fully Convolutional (FC) DenseNet [61] to perform classification tasks and combined our selected 

post-processing scheme to improve the object detection accuracy. Regarding extremely small object 

detection in a wide-area aerial dataset (i.e., online VEDAI), quantitative results demonstrate the 

viability and feasibility of our approach. 
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iii) In addition, when the multi-class vehicles are not only limited to small cars and trucks in the 

online VEDAI dataset, some ablation tests were established to evaluate the degree of improvements 

on object detection performance along with the time-efficiency evaluation of our experiments after 

post-processing; we tuned a few crucial parameters to reach the optimal threshold on learning and 

validation for achieving highest accuracy before and after applying selected post-processings; the 

experiments were conducted by using Google Colab Pro. 

  iv) We applied a mathematical model of bilinear interpolation ration and offset rotation on 

calibrating tiles of regular vehicle license plates in color images, which achieved comparable results 

in contrast to Sobel edge detection operator-based scheme; meanwhile, we realized vertical character 

segmentation by using vertical projection, which combines artificial neural network training from a 

template database library and prior knowledge constraints. 

  v) With respect to the metrics of average duration and iterations, we improved the conventional 

scheme on chaos particle swarm optimization and conducted tests, which indicated that our method 

displays better results in comparison to those classical chaotic particle swarm optimization schemes, 

i.e., Yin et al.’s method [177]; meanwhile, we prospected unsupervised learning and CNN-based 

schemes on vehicle license plate recognition (VLPR), which may reduce training time and enhance 

the object recognition accuracy of characters with reference to an image quality assessment (IQA) 

framework [149], [170]. 

 

1.4 Dissertation Organization 

The organization of this Ph.D. Dissertation is concisely presented as follows: 

Chapter 1 establishes motivations, problem statements, integrated objectives of my research, and 

disseminate of the work in this Ph.D. Dissertation. 

Chapter 2 shows an overview of feature extraction-based algorithms on object detection and 

segmentation, machine learning related algorithms, and post-processing schemes adapted for object 

detection in wide-area aerial imagery, then presents a summary of the challenging tasks on single-

class and multi-class vehicle detection and classification using wide-area datasets. 

Chapter 3 describes our research study on aerial vehicle detection and classification, which had 

been integrated from two separate journal publications in Signal, Image, and Video Processing and 

IEEE Access; in this chapter, basic information retrieval measures are mainly used for performance 

evaluation, two post-processing schemes are discussed for the performance of vehicle detection. 
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Chapter 4 elaborates the contributions of applying the MTAP post-processing scheme on object 

detection and classification from aerial imagery, where CLEAR metrics and a set of enhanced 

measures had been adopted for performance analysis. This set of work got published in Multimedia 

Tools and Applications. 

Chapter 5 presents our investigation for selecting post-processing schemes towards performance 

improvement in multi-class detection and classification on small objects in low-resolution wide-area 

aerial imagery, where the experiments were conducted via MATLAB and Google Colab Pro, part 

of the work are extracted from the research outputs aims for publishing on a special issue section in 

MDPI Journal of Remote Sensing. We also specified future work on small object detection and 

classification by improving the deep learning-based approach and applying an optimal post-

processing scheme to publicly available online aerial datasets. 

Chapter 6 displays our previous study on learning-based framework for object recognition, which 

involves tilt correction and vehicle license plate recognition applying both conventional digital 

image analysis and machine learning based approaches, where part of the work was accepted by 

International Journal of Image Mining and pending for final edits. 

Finally, Chapter 7 summarizes our concluding remarks, discussions on the contributions, research 

challenges, and prospective work of this Ph.D. Dissertation. 

 

  



24 
 

 
 

CHAPTER 2: RELATED ALGORITHMS AND POST-PROCESSING SCHEMES 

 

2.1 Detection and Segmentation Algorithms 

For automatic vehicle detection using wide-area low-resolution aerial datasets, a set of automatic 

algorithms were adapted from object detection and segmentation, which is summarized as below 

[39], [43], [47]: 

1) The Spectral Residual (SR) approach [56]: Hou and Zhang developed this model for visual 

saliency detection by analyzing the log spectrum of Fourier transform on each input frame and 

conveying the spectral residual of the image, measuring the difference of the log-spectrum from the 

averaged spectrum in spectral domain. A saliency map of spectral residual was calculated by taking 

the inverse Fourier transform. The saliency map was smoothed by a Gaussian lowpass filter with σ 

= 0.5 on thresholding for detecting vehicles in the low-resolution aerial images. 

2) Laplacian Template (LT) [97], [206]: a 3×3 Laplacian matrix template with positive center and 

negative 8-connected pixels was used to perform a feature selection step from each grayscale image. 

The CVPR toolbox [206] was exploited to shape masks with a zero-crossing filter on each detection. 

3) Fuzzy Logic (FL) based vehicle detection [60]: a three-stage fuzzy logic method was adapted 

for detection in the following scenarios: (i) construct 16 probabilistic logic matrices, which stands 

for the intensity contrasts between two adjacent pixels on initial process; (ii) compute a normalized 

maximum weight for each pixel on the defuzzification step; (iii) normalize the edge map for 

thresholding followed by a morphological fill operation for binary region segmentation. We selected 

a membership function (a, b, c) = (0.3, 0.8, 0) to initialize the logic matrix and 0.1 for thresholding 

in Tucson dataset (T-set), a membership function (a, b, c) = (0.3, 0.6, 0) and 0.2 to perform similar 

thresholding in Phoenix dataset (P-set). 

4) Variational Minimax Optimization (VMO) based adaptive image segmentation [130]: Ray and 

Saha developed a locally adaptive thresholding-based scheme on image segmentation by employing 

variational energy optimization [126]. The weights on data fidelity and regularization terms in 

variational formulation was estimated by using a convex non-linear fashion to perform combination 

and get an optimum threshold surface via the minimax principle [130]. We calibrated the threshold 

surface of VMO by multiplying it with a threshold scaling factor [39], [44]-[48] ranging from 0.6 to 

0.7 to achieve a reasonable balance between false negatives and false positives on classifying 
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detections. 

5) Feature Density Estimation (FDE) [52]: Gleason et al. developed a sliding window-based 

aerial vehicle detection method to estimate the density of features from aerial imagery. This method 

comprises four stages and we performed the first two stages: the first stage of this algorithm used a 

Sobel detector to inspect image locations at various scales and removes background areas. In the 

second stage, higher-density features were preserved above a certain threshold value. The last two 

stages perform clustering then use color-based properties to refine results and precisely detect the 

locations of vehicles. We did not implement the third and fourth stage because their approach merely 

worked well on high-resolution images. Instead, a normalized grayscale threshold ranging from 0.2 

to 0.35 was adjusted for binary conversion and determining the optimal average F-score since the 

outputs of the second stage have enormous overlapping areas around actual vehicles. 

6) Morphological Filtering (MF) [193]: Zheng et al. derived an automatic aerial vehicle detection 

method exploiting grayscale mathematical morphology, which successively applied opening, top-

hat transformation, morphological closing and bottom-hat transformation to search for positive-

/negative-contrast vehicles at the same grayscale traffic scene, then identify probable aerial vehicles 

via Otsu’s thresholding [106] on the resultant image. We used 3 × 3 square structuring element for 

morphological operations [97], [137] to test this algorithm. 

7) Adaptive Wavelet-transform Modulus Maxima (WMM) [93]: the original idea of WMM comes 

from detecting the local maxima on wavelet coefficient mode based on their gradient directions, 

then an adaptive, dual threshold value was set up to justify the multi-scale features with respect to 

the geometry and pixel parameters on a histogram. 

8) Subpixel Location with Partial Area Effects (SL-PAE, or PAE) [153]: partial area effects such 

as subpixel position, orientation, curvature, and change in intensity values on both sides of the edge, 

was employed to derive this image acquisition model with hypothesis on non-continuity. We selected 

a grayscale value of 28 to specify the minimum difference of intensity at both sides of a pixel 

recognized as an edge. 

9) Texture Region with Feature Extraction (TR-FE, or TE) [59]: an 8-connected object detection 

method was derived to search for candidate text regions by filtering out non-text regions from using 

rules of shape, texture, as well as the intrinsic and some specific features of the text. We chose 3 × 

3 Gaussian kernels to construct the Gaussian feature Pyramids. For each segmented region after 

filtering, binarization was performed using Otsu algorithm to obtain the output of feature maps. 
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10) Fast Independent Component Analysis (FICA) [11], [39]: A fast ICA algorithm derived by Ali 

and Powers was adapted for single frame-based vehicle detection, which selects one grayscale frame 

on detection and seven other frames from the same dataset as 8-input channels. The final grayscale 

edge map can be extracted after searching for the target of high-order dependencies on redundancy 

and useful components by performing orthogonalization for whitening those channels. We chose a 

normalized grayscale threshold of 0.62 to achieve the best overall average F-score for region 

segmentation. 

11) Frequency Tuning (FT) [2]: A salience enhancement scheme which highlights salient regions 

in images from the estimation of center-surround contrast was proposed by Achanta et al. [2]. 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 T-set and 0.24 for P-set to achieve the best overall average 

F-scores. 

12) Maximum Symmetric Surround Saliency (MSSS) [1]: Another saliency detection scheme by 

using low-level features of color and luminance was developed by Achanta and Süsstrunk [1]. This 

algorithm hypothesized that we could make assumptions on the scales of an object with respect to 

the image borders. This method uses the metric of maximum symmetric surrounds to search object 

regions by altering the 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 picked up a 

normalized grayscale threshold of 0.15 on the saliency output of each frame. 

13) Laplacian Pyramid Transform (LPT) [155]: Unser et al. [155] proposed a general framework 

on designing tight steerable wavelets on multi-dimensional frames. It extended steerable pyramid 

transform from Simoncelli’s approach that greater design flexibility got provided since the mother 

wavelets are no longer mandatorily rotated versions of one another. We employed basic ideas of this 

scheme to use resized image of 512 × 512 pixels and adapted the Steerable pyramid transformation 

of the Laplacian operator. 

14) Contextual Information Saliency (CIS) detection [128]: A visual saliency model employing 

color and shape features to compute contextual information was proposed by Ryu, Ham and Sohn 

[128]. Given the fact that the most informative points of an image are attended by human visual 
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system, by this mean the uncertainty within our concern can be reduced. The empirical parameters 

as proposed in [128] were adopted in our experiment along with a mask size of 11. 

15) Multiscale Morphological Analysis (MMA) [173]: Yang and Du induced practical examples 

of utilizing multi-scale gradients on extracting the region proposals of a grayscale image [173]. 

Motivated by their method, we combined 8-pixel connected component labeling with grayscale 

morphological operators such as dilation and erosion, where the unbiased disk and square filters are 

with size 1 and 2. The multi-scale output is obtained by averaging the results from three gradients 

obtained from differencing morphological operator. 

16) The curvelet-Duda algorithm (Duda) [195]: Zhou et al. combined the Curvelet transform with 

Duda operator for the two-stage detection task, where the Curvelet transform was used on coarse 

feature extraction in the image, and the Duda operator searches for precise location of edges inside 

any possible regions. We followed the n × n neighborhood templates to perform detection in 

horizontal, vertical, vice-diagonal and main-diagonal directions, and a window size of 5 × 5 was 

used to the Duda operator for extracting linear features, averaging templates of grayscale image and 

then filtering each template. 

While evaluating some enhanced measures for another post-processing scheme [43] published in 

Multimedia Tools and Applications (MTAP), we also introduced ten algorithms from a subset of 

approaches adapted for object detection in aerial imagery. These algorithms are based on our prior 

study from published papers on object detection and segmentation. We summarize the crucial details 

of each algorithm as below [43]: 

17) Haar Wavelet Transform (HWT) [145]: Haar features reflect the variation of grayscale values 

on an image, where the difference of pixel values can be obtained by its blockings. A discrete wavelet 

transform (DWT) was applied to obtain the decomposed components of a grayscale image. We 

applied a low threshold of 0.01 and a high threshold of 0.2 to perform thresholding on the normalized 

foreground map. The output of grayscale image was obtained by applying a single-level inverse 

discreate 2-D wavelet transform with Haar features. We specified the related p-value with a threshold 

of 500. 

1)’ The modified Spectrum Residual (SR) approach [39]: We just applied some variations of the 

original SR approach [56] by modifying the type / size of filters and other parameters. The saliency 

map was smoothed by a Gaussian lowpass filter with σ = 5 on thresholding for object detection using 

low-resolution aerial frames and σ = 15 on thresholding for object detection using higher-resolution 
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aerial frames. 

18) Saliency detection by Induction Mechanisms (SIM) [104]: Murray et al. proposed a visual 

saliency model, which is based on a biologically inspired low-level spatio-chromatic representation. 

This model measures saliency by converting a color image into the opponent color space, generating 

a saliency map for each channel, and combining these maps to produce the final saliency map. This 

scheme perceptually integrates some low-level features such as color, orientation, spatial frequency 

and surround contrast. We adopted the original parameters of suggested window sizes [13, 26] for 

computing center-surround contrast energy. and the number of wavelet planes as 7. The value for 

gamma correction was initially set up as 2.4. We used a normalized grayscale threshold of 0.75 to 

perform region segmentation for the obtained saliency map. 

19) Saliency Detection by combining Simple Priors (SDSP) [182]: Zhang et al. [182] derived a 

saliency region detection scheme by combining cues from three simple priors (frequency, color, and 

location) originated from band-pass filters, warm colors, and central-aware attention of human eyes, 

respectively. We inherited its original parameter settings of ω0 = 0.002, σF = 6.2, σD = 114, and σC = 

0.25. We used a grayscale threshold of 90 to perform region segmentation on the foreground map. 

13)’ Laplacian Pyramid Transform (LPT) [155]: The same method was implemented as we did 

for [39], [46] and [48], while we adapted the main ideas of this scheme to use resized image of both 

256 × 256 and 512 × 512 pixels, then applied the Steerable pyramid transformation of the Laplacian 

operator. We picked up a normalized grayscale threshold of 0.55 on both VIVID200 and VEDAI302 

datasets for region segmentation on the inverse of each grayscale frame after obtaining a transformed 

output. 

15)’ Multi-Scale Morphological Analysis (MMA) [173]: The same method was implemented as 

we did for [39], [46] and [48], while we applied normalized grayscale values of 0.6 for VIVID200 

dataset and 0.8 for VEDAI302 dataset on region segmentation. 

20) The Curvelet-Duda Algorithm (Duda) [195]: Zhou et al. [34] combined a Curvelet transform 

with Duda operator for the two-stage detection task on processing synthetic aperture radar (SAR) 

images, where the Curvelet transform was used on coarse feature extraction in the image, and the 

Duda operator searches for precise location of the edges inside any possible regions. We followed 

the n × n neighborhood templates to perform detection in horizontal, vertical, vice-diagonal and 

main-diagonal directions, and a window size of 5 × 5 was used to the Duda operator for extracting 

linear features, averaging templates of grayscale image and then filtering each template. We also 



29 
 

 
 

picked up the normalized thresholds of 0.12 for VIVID200 dataset and 0.48 for VEDAI302 dataset 

on region segmentation. 

21) Wallis Operator (Wallis) [97]: This operator was originated from the detection scheme [48] 

that a pixel symbols for an edge element in condition that the logarithm of its value is higher than 

this average on logarithms of its 4-neighbors by a fixed threshold [2, 1]. We adopted some similar 

ideas of this approach when generating the mask of Wallis operator, then convert it into binary image; 

a multiplication threshold of 18 was applied to the output value and a decision threshold of –0.035 

was used in the binarization step. 

14)’ Contextual Information Saliency (CIS) based scheme [128]: Ryu, Ham and Sohn proposed a 

visual saliency model to employ color and shape features on computing contextual information, 

which we adapted and used it for performance analysis in [46]. We also picked up a normalized 

grayscale threshold of 0.16 for VIVID200 and VEDAI302 datasets to achieve highest number of 

correct detections. This object detection scheme aims to acquire high-resolution of accurate saliency 

map throughout all the images in a dataset. 

22) Salient Region Detection via High-dimensional Color Transform (HDCT) [67]: Kim et al. 

[67] presented a saliency-based scheme of region detection via high-dimensional color transform, 

where their main idea is to combine a variety of linear color space and obtain the estimates of 

foreground regions. This object detection scheme broke through the limitations of inaccurate initial 

saliency map via tri-map-based robust estimation and hence displays computational efficiency. We 

inherited its initial parameters of this scheme, i.e., σP = 0.5 and 75 dimensions of super-pixel feature 

vectors and picked up a normalized grayscale value of 0.40 to perform region segmentation for 

obtaining the binary outputs. 

23) Just Noticeable Blur (JNB) detection and estimation [141]: Shi, Xu and Jia proposed a scheme 

on detect and estimate just noticeable blur (JNB) resulted from defocus where a small portion of 

pixels were spanned in frames. While this type of blur is common and weak when snapshotting a 

photo, informative clues related to depth occur due to the slight edge blurriness. We adapted this 

method by exploiting its inverse functions to shape simple but effective blur features via sparse 

representation and image decomposition, which may detect the small size vehicles between sparse 

edge representation and blur strength estimation. 

24) The Localization Contrast (LC) model [39], [94]: a low-level visual attention method was 

described by Mancas et al. [94] on the foundations of grey-level rarity in a single frame or within a 
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set of frames. This model computed the probability occurrence of each pixel and the rarity of pixel 

neighborhood by transmitting the grey level of pixels as messages and the entire image as the 

message set. With respect to the contrast of local mean and variance of any pixel neighborhood, a 

visual attention (VA) map on saliency was obtained for statistically smaller areas. We adapted this 

method by computing the VA map using local contrast for each grayscale image and picked up a 

normalized threshold of 0.38 for Tucson dataset and 0.34 for Phoenix dataset to achieve best overall 

average F-scores for region segmentation. 

25) Segmentation using the Kernel-based Fuzzy C-Means and Chan-Vese (KFCM-CV) model [39], 

[166]: Wu et al. [166] derived this hybrid model to perform rough segmentation of an image using 

the algorithm of kernel-based fuzzy c-means clustering and achieve accurate segmentation of multi-

objects on the subdivided image by utilizing an improved Chan-Vese model. We firstly adopted any 

other original threshold for this algorithm to detect vehicles in our datasets, then set up the distance 

threshold the as 12 for Tucson dataset and 6 for Phoenix dataset as initial partition for the input space 

of a grayscale frame. 

26) The Vehicle Tiramisu code from Semantic Image Segmentation [61]: Jégou et al. proposed an 

effective scheme on semantic image segmentation by extending the architecture of DenseNets and 

enabling the reported fully convolutional networks (FCN) with 56, 67, or 103 layers. The dense 

blocks are captured to perform an iterative concatenation of feature maps, which improves the state-

of-the-art performance on several challenging datasets of urban scene understanding, which is also 

adaptable for multi-class detection and classification on small objects. Meanwhile, the model was 

claimed as free of pre-training or temporal information. We tuned the parameters on training and 

learning on this two-stage machine learning based approaches, then set up it as a reference model to 

evaluation some of our proposed post-processing methods [39], [43], [46], [48] for optimal selection. 

We have adapted all these automatic object detection and segmentation algorithms with decent 

parameter adjustments as mentioned above, and then studied their performance on vehicle detection 

using raw, unregistered grayscale aerial images. While many of these methods may just represent 

feature extraction-based object detection algorithms and hybrid approaches in the computer vision 

field, they are quite vital for clear understandings on this research subject. 

 

2.2 Machine-learning based Algorithms 

Conventional object detection and segmentation algorithms can be categorized as visual saliency-
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based (which indicates the perceptual quality of an object by some relative distinctions from its 

neighborhood), gradient-based (applying some low-level image features, i.e., grayscale intensity and 

geometric characteristics, the histogram of oriented gradients (HOG)), motion-based (employing 

information from multiple frames and exploits the relative spatial movement of pixels in an object 

among images to extract objects and eliminate background clutter) and segmentation-based (pixel 

thresholding, region partitioning, clustering and other classical CNN-related) methods [19]. Almost 

all the previous approaches have their respective advantages and shortcomings [19], [39], [63]. In 

the most recent surveys by Jiao et al. [63] and Chen et al. [19], some latest methodologies on small 

object detection are introduced as four pillars known as multi-scale representation (combining object 

information from low-level and high-level features), contextual information (adding extra multi-

scale features from different layers as its context), super-resolution (aiming to reconstruct images 

with higher resolution) and region-proposal (referring to the strategy on designing suitable anchor 

size, shape and amount for the objects) [19]; while the deep learning based approaches were mainly 

classified as two-stage detector (i.e., faster regional-CNN), one-stage detector (i.e., You Only Look 

Once (YOLO) [84] with its subsequent generations [190], [202] and Single Shot Detector (SSD) 

[24]) and those appeared with either their variations or combinative use [19]. Each of the newly 

proposed models may intersect with classical non-learning or deep learning-based methods, which 

progressively improve object detection accuracy on multiple aerial datasets [19], [39], [63]. 

When an aerial dataset contains more than one thousand frames and multiple types of objects (i.e., 

cars, trucks, and vans, et al.) persist in each frame, the efficiency and accuracy require a balance for 

joint detection and recognition. Hence, machine learning and its related approaches, play a crucial 

role on both improving performance and enhancing the time efficiency. In our work, we established 

some machine learning based study on improving the detection performance using an online VEDAI 

dataset where multiple types of small objects co-exist; we also aim to integrate our study on object 

detection and classification by using the deep learning-based approach and applying an optimal post-

processing scheme to two publicly available online aerial datasets [8], [9]. Regarding vehicle license 

plate recognition, we applied traditional schemes on tilt correction, and will compare the improved 

chaotic particle swarm optimization (CPSO) scheme to classical PSO-based algorithm on character 

segmentation and recognition [49]. Quantitative results prove better performance by adopting our 

approach, which may help solving some weakness of prior methods in this field. 
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2.3 Post-Processing Schemes 

In wide-area aerial vehicle detection, post-processing is often necessary to reduce the number of 

incorrect detections, which is known as false positives (FPs) upon classification. While some post-

processing schemes had improved performance in prior algorithms [5], they still resulted in a high 

percentage of wrong classification. Five existing post-processing schemes are typical set of methods, 

which can be summarized as follows [48]: 

1) Filtered dilation [131]: a median filter is employed for image smoothing along with a dilation 

operator to shape the detected objects. It smooths borders of the auto-detected regions and fills small 

holes. 

2) Heuristic filtering [132]: two adjustable thresholds are used to eliminate false detections. One 

is an area threshold to exclude any detections smaller than 5% of the largest object in the ground 

truth; the other is an aspect threshold to drop any detections with an aspect ratio smaller than 0.2. 

3) Filtering by shape index [137]: a parameter of shape index (SI) was computed as the ratio of a 

region’s perimeter to the square root of its area, then dividing this ratio by 4. Any detection with SI 

below the lowest SI of ground truth objects, should be excluded. 

4) Sieving large objects and removing small objects with opening operation [76], [193]: an area 

threshold of 2000 pixels was used to drop objects bigger than the largest vehicle, followed by 

morphological opening with a structuring element of 5-pixel radius to discard objects less than 10 

pixels in width. 

5) Sieving and closing [39], [45]: it refers to a two-stage scheme we previously proposed, which 

comprises a sieving process using two area thresholds (in pixels) to drop objects outside the range, 

A ϵ [tlow, thigh]), and a morphological closing operation to connect adjacent small objects tending to 

be false detections, smooth the border and repair the tiny holes inside each detection. However, the 

[tlow, thigh] threshold for expected vehicle size may not be applicable for other datasets containing 

images with variable resolutions. 

While several existing schemes had been proposed and we had implemented each of them on 

vehicle detection using wide-area aerial datasets, their weaknesses can be recognized as follows [45], 

[48]: the filtered dilation scheme caused unexpected merging of detected objects by enlarging their 

boundary size; heuristic filtering eliminates false detections only in condition that both the uniformly 

distinct aspect ratio and relatively regular size may appear in a single object; regarding sieving and 

opening, it displays a major shortcoming such that when the background scene has similar intensity, 
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foreground objects are vulnerable to be wrongly excluded; while we derived sieve and closing along 

with the SIVP scheme on improving post-processing performance on aerial vehicle detection, the 

former lacks the adaptability to various aerial datasets since it used thresholds for expected vehicle 

size, while the latter showed slightly better results while it failed in employing spatial connectivity 

in a moving object or temporal information from inter-frame correlation. 

In our study, we have derived three different post-processing schemes to improve vehicle detection 

performance using wide-area aerial datasets which have various resolutions. The proposed schemes 

and our experimental results are established in Chapters 3-5. The general technology for our post-

processing schemes is summarized as below [39], [43]-[48]: 

Post-Processing Scheme 1: the SIVP scheme by pre-sieving, morphological closing, and condition 

sieving by the compactness measure, which are tested for Tucson and Phoenix datasets. 

Post-Processing Scheme 2: a spatio-temporal scheme which consists of hysteresis thresholding, 

opening and closing followed by temporal filtering using two criterions for seven aerial datasets. 

Post-Processing Scheme 3: the MTAP scheme by median filtering, opening and closing, followed 

by using Gaussian smoothing along with non-maximum suppression (NMS). This scheme is tested 

for VIVID200 and VEDAI302 datasets and the evaluation metrics are associated with basic IR 

metric, the CLEAR metric, and some other enhanced measures, i.e., weighted Fβ measure (Fbw), 

the structural similarity index measure (SSIM) and the enhanced alignment measure (EAM). 

Some machine learning measures, i.e., the Matthews’ correlation coefficient (MCC) and mean 

average precision (mAP), are also applied to evaluate the quality of binary classification and the 

degree of improvement for our derived post-processing schemes for object detection algorithms. 

 

2.4 Discussions and Concluding Remarks 

In general, regarding objects in multi-resolution imagery, the algorithms on object detection and 

segmentation can be classified into two major types: the first type was single-frame-based methods, 

which depends on grayscale and geometric characteristics in transformation domain such as visual 

saliency, multi-scale information, adaptive segmentation and grayscale pixel thresholding [43]-[45], 

[48]; the second type was inter-frame based approaches, which exploits motions from registered 

consecutive frames, and utilizes the relative spatial movement of pixels to extract vehicles from 

aerial imagery and eliminate background cluttering: typical algorithms include frame differencing, 

background subtraction, optical flow-based and their variations [26], [39], [46], [178]. 
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We adapted more than fifty algorithms related to these two types of approaches, the advantages 

and weakness were recognized as follows [43]-[48]: the first type of methods were adapted on aerial 

vehicle detection and segmentation, which initially achieved good recall rates, however, the large 

number of false detections called our attention; and hence, we changed the metric to average F-score 

for our performance evaluation and proceed to derive several post-processing schemes to solve this 

problem. The second type of methods usually requires a balance between reducing computational 

cost and improving object detection accuracy. Other related issues were known as sensitivity to noise 

and threshold selection, matching errors with low speed and high memory demands, exploiting self-

adaptive background models to handle various dynamic scenes; besides, we also found difficulties 

on handling density, noise, shadows, and occlusions as specified in [81]. 

We derived several post-processing schemes [39], [40], [43]-[48] to improve the object detection 

accuracy via three type of performance evaluation metrics: basic IR metric and CLEAR metric [65], 

[105], the enhanced measures such as Fbw, SSIM and EAM [33], [35], [43], [96]; our performance 

analysis [46] was conducted using a wide range of sample aerial videos (including five self-collected 

local datasets and two public datasets) where its post-processing did not rely on an expected vehicle 

size, and the spatio-temporal information got employed on our study. 

  Given the challenging tasks on single-class and multi-class object detection and classification 

using wide-area datasets, the proposed Ph.D. Dissertation topics are partially based on deriving post-

processing schemes instead of developing object detection algorithm(s). The three post-processing 

schemes [43], [46], [48] may share a common technique on using mathematical morphology, while 

some different evaluation parameters are applied to their thresholding criterions. Hence, we have 

conducted some experiments in the following scenarios which are similar to [39], [43]: a) measure 

the degree of performance improvement on each of the seven post-processing schemes for any of 

ten sample algorithms on vehicle detection, then voted the best three post-processing schemes using 

two aerial datasets (Tucson and Phoenix), then verify our work in a third dataset (online VEDAI); 

b) implement a two-stage learning scheme by applying DenseNet to perform the classification task 

and combine our post-processing to improve detection accuracy, which may prove viability and 

efficiency on small object detection in the online VEDAI dataset; and c) perform some ablation tests 

to measure the degree of performance improvement and saving time cost, where optimal parameters 

on learning and validation were adjusted to achieve the highest accuracy without or with post-

processing. In addition to applying selected post-processing schemes on object detection and 
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classification for three low-resolution wide-area aerial datasets in which no spatial connectivity 

exists among frames, while some machine learning based approaches were also merged to test the 

degree of performance improvements in object detection using wide-area aerial datasets. Our 

experiments are performed via Python in Google Colab Pro and in MATLAB R2019b. 

In summary, the current challenging issues related to vehicle detection, counting and classification, 

can be concisely summarized in the following manifolds [39], [43]-[48]: 

i) Performance metrics lacks quantitative evaluation on splits (S) and merges (M). Up till now, 

none of the published articles set up a uniform scale on quantitatively counting those second type of 

classification errors; however, the set of enhanced measures got involved for performance analysis 

on object detection. 

ii) Despite that the spatio-temporal processing scheme we derived could reduce about 90% false 

detections on average, a few potential shortcomings are remaining to overcome such as failure case 

for some specific algorithms, unavailability for large datasets and computational complexity issues. 

iii) In the latest few years, some enhanced measures have been proposed, applied, and tested via 

saliency object detection and other small size detection and classification tasks; given the topic of 

using an optimal post-processing scheme for multi-class object detection and recognition, using the 

most viable enhanced measures (in addition to average F-score or mean average precision (mAP)) 

will be of great importance in the proposed workflow design and ablation study. 

iv) While some learning-based schemes are widely applicable in this research topic, the improved 

accuracy at 85% seems to be a bottleneck for the online VEDAI dataset (size 512 × 512 in spatial 

resolution), we intend to achieve even “tiny”, “marginal” contributions for upgrading performance. 

v) We applied some post-processing schemes to the learning-based approach in the online VEDAI 

dataset (where no spatial connectivity exists among frames), the next step is to determine a viable 

post-processing scheme (which is close to optimal among existing post-processing schemes) to this 

dataset with convincible experiments and results. 
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CHAPTER 3: OBJECT DETECTION AND CLASSIFICATION BY BASIC 

INFORMATION RETRIEVAL MEASURES 

 

Regarding the research tasks on single class vehicle detection, counting, and classification, feature 

extraction under a certain measure, i.e., geometry, intensity, or multi-scale characteristics, represents 

a basic but crucial task for aerial image enhancement. By adapting nine automatic object detection 

and segmentation algorithms with parameter adjustments, we studied their performance on vehicle 

detection using raw, unregistered grayscale aerial images. The nine algorithms can be classified into 

the following groups: i) filtering-based methods, i.e., the spectral residual (SR) approach [56], 

Laplacian template (LT) [29] combined with a zero-crossing filter [206]; ii) shape-based object 

segmentation methods, i.e., the fuzzy logic (FL) based vehicle detection [60], feature density 

estimation (FDE) [52], adaptive segmentation via variational minimax optimization (VMO) [130], 

and morphological filtering (MF) applying grayscale top-hat and bottom-hat transformation [47], 

[76], [106], [193]; and iii) multiscale representation based methods, i.e., wavelet-transform modulus 

maxima (WMM) with adaptive dual thresholding [93], subpixel location with partial area effects 

(SL-PAE or PAE) [153], and texture region feature extraction (TR-FE, or TE) by constructing 

Gaussian feature pyramids [59]. 

Another set of experiments was performed using five self-collected aerial video datasets and two 

publicly available online aerial datasets, where seven saliency enhancement algorithms are applied 

by removing the binarization step from previously published detection and segmentation algorithms, 

which we refer to as the SR approach [56], frequency tuning (FT) [2], maximum symmetric surround 

saliency (MSSS) [1], Laplacian pyramid transform (LPT) [155], MF [193], VMO and its variations 

[126], [130], and contextual information saliency (CIS) based detection [32]. Besides, two other 

image enhancement methods from the multiscale morphological analysis (MMA) [128] and the 

curvelet-Duda algorithm (Duda) [195] were also adapted for performance evaluation. Average F-

score is a major, uniform evaluation metric to quantify performance in Chapter 3. 

 

3.1 Proposed Post-Processing 1: the SIVP scheme 

For our low-resolution aerial images, the five existing post-processing schemes are not sufficient 

to eliminate detection errors [48]. As a result, we have derived the SIVP scheme [48] for better post-
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processing, the workflow to improve performance after rough detection is depicted in Fig. 3.1 [48]. 

Step 1. Pixel area-based thresholding as preprocessing. Let tsmall, tlarge, and tavg denote the smallest, 

largest, and average size of vehicles in each frame, respectively. Drop any binary detection with area 

less than t1 or larger than t2. For example, we used t1 = tavg / 20 and t2 = max (6*tavg, 2*tlarge), 

corresponding to the traffic congestion case of six vehicles clustered together or two largest vehicles 

being merged. 

Step 2. Morphological processing. When applying grayscale mathematical morphology, a closing 

operation is used for shape smoothing, filling small holes within multiple objects, and reducing 

errors. A 3 × 3 structuring element is applied to perform the closing operation. 

Step 3. Sieving with respect to the compactness measure [30]. The compactness C of a region is 

defined as [154] 

C =
L2

 4πA
                               (3.1) 

where L represents the perimeter of the region, and A is the area of the region. For our data, we 

define the lower threshold as half of the smallest compactness, and the upper threshold as twice the 

largest compactness. 

Step 4. Retain any detection with compactness in the range [Csmall /2, 2*Clarge]. 

                   Rough Detection                              Proposed Post-Processing 1: the SIVP Scheme 

  

Classified 
Output 

   
 
 

 

 

 

3.2 Proposed Post-Processing 2: Spatio-Temporal Analysis 

For achieving better accuracy when detecting vehicles in aerial videos, we propose two strategies 

in this set of experiments [46]: First, we employ spatial post-processing which involves a multi-

neighborhood hysteresis thresholding scheme [40] to achieve better object segmentation. Next, in 

the temporal domain, we use two criteria to discard static false detections based on the intersection 

over union (IOU) and Euclidean distance of the same detected vehicle between two adjacent, 

registered frames. We selected two detection algorithms that achieved the best overall average F-

scores and evaluated their performance improvement due to the proposed spatial processing. In 
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Figure 3.1. Optimized vehicle detection network: rough detection followed by the proposed SIVP post-

processing scheme. 
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addition, we determined the best overall size of structuring elements to perform opening and closing 

using grayscale mathematical morphology to reshape detections and eliminate tiny false objects after 

thresholding. After then, we applied the proposed spatio-temporal processing scheme to five object 

detection algorithms on five local aerial video datasets. Meanwhile, we evaluated the performance 

improvement of six algorithms by spatial processing via one parking lot dataset and by spatio-

temporal processing via one public dataset. 

We proposed a spatio-temporal processing scheme which comprises two stages [46]: firstly, a 

multi-neighborhood hysteresis thresholding scheme with the operations of morphological opening 

and closing, is applied to each video frame, which is spatial processing. Secondly, two criteria are 

included to drop false detections in each grayscale image after the inter-frame comparison, which is 

temporal processing. 

Note that the binarization step in nine automatic algorithms for detection and segmentation was 

removed, and thereby each of the adapted algorithms for saliency enhancement were obtained [46]. 

The difference of spatio-temporal analysis from our previous work is stated as follows [46]: The 

proposed hysteresis thresholding scheme includes both scaling and shifting factors [39], [40] in 

accordance with the expected distribution of vehicle intensity and contrast in the aerial video 

datasets. These factors were also adjusted (as described in [39]) to achieve the best overall average 

F-score for each algorithm with respect to different types of wide-area aerial video datasets when 

their grayscale intensity and contrast vary a lot. The proposed hysteresis thresholding scheme [46] 

was implemented by using 8-neighbor pixel-weight thresholding when classifying each pixel for 

object detection, practically its adaptability has been strengthened. 

 

3.2.1 The General Architecture of Data Flow 

The general workflow of our experimental design is depicted in Fig. 3.2 [46]: 

 

Figure 3.2. Proposed workflow for aerial vehicle detection: labeled outputs of Type 1, Type 2 or Type 3 

represent the detection results of using a prior saliency enhancement algorithm followed by prior binarization, 

spatial processing or spatio-temporal processing, respectively. 
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In the proposed workflow, an adapted saliency enhancement algorithm followed by the proposed 

spatial processing and spatio-temporal processing was used to improve the performance of vehicle 

detection. We applied a sensitivity analysis to the output of spatial processing, where the overlap 

threshold for optimal detection results was adjusted and optimized by tuning the size of structuring 

elements for opening and closing to achieve a best overall average F-score for each algorithm. 

 

3.2.2 Spatial Processing 

After linearly normalization being performed for each grayscale video frame, the range of 

intensity is now within the interval, [0,1], and is then given as input to each of the nine adapted 

algorithms for saliency enhancement [46]. We fed our spatial processing scheme with the enhanced 

images generated by these algorithms, which includes multi-neighborhood hysteresis thresholding 

and morphological filtering [46]. 

Our multi-neighborhood hysteresis thresholding has two steps [46]: first, various neighborhood 

mean values were calculated, and then those mean values to hysteresis thresholding got subjected. 

Let 𝑆(𝑟, 𝑐) represent the segmented aerial frame generated by one of the adapted algorithms. Let 

𝐿(𝑟, 𝑐) be the output of the hysteresis thresholding, where each pixel was labeled as foreground or 

background. These thresholds (as described in [39], [40]) were adjusted to achieve the best overall 

average F-score. For instance, the multi-neighborhood hysteresis thresholding being tested herein 

can be described as follows [46]: 

Step 1: If the pixel value is greater than 5/8, then label the pixel as foreground. 

Step 2: If the pixel value is less than 1/8, then label the pixel as background. 

Step 3: If the pixel value lies within the interval [1/8, 5/8], then define the neighborhood mean as 

the mean value of this pixel and its 8 neighbors, and consider the following three cases: 

Case 1: If the neighborhood mean is greater than 3/5, then label the pixel as foreground. 

Case 2: If the neighborhood mean is less than 1/6, then label the pixel as background. 

Case 3: If the neighborhood mean is within the interval [1/6, 3/5], then check the mean value of 

this pixel and its 4 neighbors, and the mean value of this pixel and its 4 diagonal neighbors. If either 

of these mean values is greater than 0.5, then label this pixel as foreground; otherwise, label it as 

background. 

Note that the thresholds used above were chosen in accordance with the distribution of vehicle 

intensity and contrast observed within the aerial video datasets used in our experiments [46]. On the 
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other hand, if different intensity or contrast was observed, for instance, if vehicles are predominantly 

dark instead of bright – the thresholds may easily be adjusted accordingly [46]. 

Given the fact that even after applying the multi-neighborhood hysteresis thresholding, some 

detection errors may persist in complicated traffic scenes [46]. The follow-up steps were performed 

when using morphological processing [45], [46]: the first step is a morphological opening operation 

which sieves out some trivial false detections, while the second step is a morphological closing 

operation to connect adjacent small objects, smooth the border of each detection, and fill the tiny 

holes inside each detection. A 2 × 2 square structuring element was used to perform the required 

opening operation. Regarding the closing operation, a circular disk structuring element was used, 

whose size varies from 3 × 3 for a low-resolution dataset (e.g., Tucson or Phoenix dataset) to 15 × 

15 for a high-resolution dataset (e.g., Tempe dataset), and is selected to achieve the best overall 

average F-score for each of the saliency enhancement methods [46]. 

We perform the connected component analysis after our spatial processing is performed, which 

identifies the set of 8-connected pixels for each detected object [46]. 

 

3.2.3. Temporal Processing 

We describe the temporal processing of grayscale image sequences as follows [46]: SIFT or SURF 

descriptors [82] have been used for feature extraction, while a partial intensity invariant feature 

descriptor (PIIFD) [20] has been adopted for inter-frame registration of raw unregistered data. For 

single-vehicle detection, a dual-criterion method [118] had been proposed by exploiting both motion 

orientation and object rigidity. However, these techniques were not sufficient for our aerial video 

data, partly due to the wide range (from 20 to several hundred pixels) of vehicle size. We have 

developed a different dual-criterion method, using other measures for the removal of false detections, 

which is described as below [46]: 

Let 𝐴𝑡(𝑗) stand for the set of pixels forming detected object j in frame t, let #(𝑆) denote the 

number of pixels in set 𝑆, and let Dist(𝑝, 𝑞) be the Euclidean distance between a pair of pixels (p, 

q) in two consecutive frames. Now a dual-threshold test [39] was employed to determine if an object 

is a false detection. Specifically, our temporal processing method is as follows [46]: 

Discard detected object j from frame t if there exists a detected object k in frame 𝑡 + 1 such that 

#(𝐴𝑡(𝑗)  ∩  𝐴𝑡+1(𝑘))

#(𝐴𝑡(𝑗)  ∪  𝐴𝑡+1(𝑘))
> 75% (3.2) 
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and 

Dist (centroid(𝑉𝑡(𝑗)), centroid(𝑉𝑡(𝑘))) < 𝛿 (3.3) 

where a distance threshold 𝛿 = 2 pixels is used for the low-resolution datasets and similarly 𝛿 =

5 for the high-resolution datasets (i.e., Tempe dataset), respectively. In other words, an object is to 

be discarded as if it remains static across consecutive frames [39], [46]. 

 

3.3 Evaluation Metrics 

The 8-connected component labeling of binary detection outputs is performed to study the object 

detection results of an automatic algorithm, then the overlap between each detection and the ground 

truth of objects is compared. We classify each type of detection output as follows [39], [40], [48], 

[105]: 

1) True positive (TP): the correct detection. If multiple detections intersect the same GT object, 

only the detection having the largest overlap with GT is counted and marked as a TP. If a single 

detection intersects multiple GT objects, TP is counted only once. 

2) False negative (FN): detection failure, indicated by a GT object failing to intersect any detected 

object. 

3) Splits (S): if multiple detections touch a single GT object, except for the one having largest 

overlap with GT (marked as TP), all other touches are counted as Splits. 

4) Merges (M): if a single detection is associated with multiple GT objects, all other objects except 

the TP in a row are counted as Merges. 

5) False positive (FP): incorrect detection, indicated by detection that does not intersect any GT 

object. 

Note that TN = 0 since no true negative (TN) samples based on our classification. 

Basic information retrieval (IR) metrics [11], [39], [40], [48], [133] consist of precision, recall, 

F-score, and percentage of wrong classifications (PWC). We use average F-score and PWC as 

metrics to quantify detection performance. PWC [39], [40], [43]-[48], [133] is defined as the ratio 

of false detections and missed objects to the sum of detections and missed objects, which is 

formulated as [39], [48], [133] 

PWC =
FP + FN

TP + FN + FP + TN
 (3.4) 

Typically, Accuracy = 1 – PWC, measuring the image quality after applying object detection models. 
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The biased F-measure is used as a weighted harmonic mean of precision and recall with a non-

negative weight β, where β2 is typically set as 0.3 for saliency detection [11] 

𝐹𝛽  =
(1 + 𝛽2) (Precision) (Recall)

𝛽2 Precision + Recall
 (3.5) 

when β = 1, the Fβ measure is identical to F-score or F1, the harmonic means of precision and recall, 

such that Eq. (3.5) is simplified as [48] 

F1 =
2(TP)

2(TP) + FP + FN 
 (3.6) 

Let an Ovlp matrix denote the overlap between each manual GT object and each detected object. 

We denote the set of pixels comprising each manual GT object and automatically detected objects 

as Mi and Aj, respectively. Note that if an automatic detection consists of more than one region 

touching a manual GT object, we record all these overlaps for every possible match in the Ovlp 

matrix. Hence, each element of the Ovlp matrix is formulated as [48] 

Ovlp𝑖𝑗 =
#(𝑀𝑖  ∩ 𝐴𝑗)

#(𝑀𝑖 ∪ 𝐴𝑗)
 (3.7) 

We select a threshold λ to use when thresholding the overlap ratio between each detection and 

each object. If there exists a non-zero element in a row of Ovlp, just label the highest Ovlp𝑖𝑗 as TP 

if it is above λ; otherwise, label it as FN [48]. Note that the overlap matrix (Ovlp) represents the 

overlap between all detections and objects in similar ways to the procedure of region matching [105]. 

The main steps for classifying each type of detections are presented below [48]: 

Step 1. Construct the Ovlp matrix, which represents the overlap between each GT object and each 

detected object. 

Step 2. Label each row of the Ovlp matrix having full zeros as a FN. 

Step 3. Label the largest non-zero element in each row as a TP. 

Step 4. Label each column with full zeros as a FP. 

Step 5. Label the largest non-zero element in each column as a TP. 

Another measure of the quality of binary classifications is Matthews’ correlation coefficient (MCC) 

between prediction and observation, which is formulated as [13], [88] 

MCC = 
TP×TN−FP×FN

√(TP+FP)(TP+FN)(TN+FP)(TN+FN)
                  (3.8) 

Since TN = 0 for our object-level detection analysis, MCC will be a negative score. 
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3.4 Datasets 

Four aerial video datasets (including 9871 vehicles in total) with very low resolution and one dataset 

(including 1114 vehicles) with higher resolution were collected for our tests [46]: several sample 

frames from each dataset are depicted in Fig. 3.3. Each frame in The University of Arizona (UA) North 

Campus dataset has a spatial resolution of 2560 × 1920 pixels, while all the other four datasets (Tucson, 

Phoenix, Tempe Roadway, and UA South Campus) have a spatial resolution of 720 × 480 pixels. 

Traffic lanes were manually cropped from the aerial videos, converted to grayscale, and registered 

with the other aerial frames. The area of each vehicle varies from 20 pixels to several hundred pixels. 

These vehicles were manually segmented in rectangular shape to form the ground-truth segmentation, 

including thousands of vehicles for each dataset. 

In some earlier work such as [39], [40], [44], [45], [47], [48], we only used Tucson and Phoenix 

datasets for test. In this set of experiments, besides the five aerial video datasets as specified above, 

two public aerial datasets named as VIVID200 (a subset of 200 consecutive frames with a spatial 

resolution of 640 × 480 pixels, including a total of 1166 vehicles) and a parking dataset (10 aerial 

images with spatial resolution ranging from 400 × 800 to 1600 × 200 pixels, including a total of 205 

vehicles), are also used on study [46]. 

 

Figure 3.3. Sample frames in five aerial video datasets: (a) Tucson, (b) Phoenix, (c) Tempe, (d) UA North, (e) 

UA South. 
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3.5 Experiments and Results 

The related automatic object detection algorithms [1], [2], [5], [11], [43], [52], [56], [59], [60], 

[61], [93], [97], [104], [128], [130], [141], [145], [155], [173], [182], [193], [195], [206] and post-

processing schemes [40], [43], [45], [46], [48], [131], [132], [137], [193] in Chapters 2-3 and 

Chapter 5 were tested on a personal computer with an Intel Core i7-4710U 2 GHz CPU with 12 GB 

RAM. We used MATLAB R2019b to conduct some performance analysis and measure average 

computation time for the experiments. 

The experiments on spatio-temporal processing were performed by using MATLAB R2019b on a 

Windows PC (Intel Core i7-8500U, 1.80 GHz CPU, 16 GB RAM). The average computation time 

per frame for each detection algorithm was averaged by the total processing time of each algorithm 

before and after combining the proposed spatio-temporal processing scheme divided by the total 

number of frames on the test [46]. 

Notably, in our subsequent research study [43], [46] and multi-class detection and classification 

on small objects, the cases on second-type errors such as Splits (S) and Merges (M) were included, 

where MATLAB experiments were conducted with respect to the similar procedure on classifying 

each type of detections (which had been specified in Pages 90-91 of Ref. [39]). 

We implemented two versions on each of the algorithms: (1) using our prior binarization methods 

[39], [43], [45] for simple thresholding, and (2) replacing the binarization step with the proposed 

spatial post-processing or spatio-temporal processing [46]. These two scenarios were referred as 

“before” and “after” the proposed post-processing in our experimental analysis, respectively [46]. 

We compare binary labeled outputs of the “before” and “after” methods to evaluate performance 

improvement due to the proposed several post-processing schemes [40], [43], [45], [48] and the four 

existing schemes [131], [132], [137], [193]. 

 

3.5.1. Experimental results related with the proposed SIVP scheme. 

In this section, we provide performance analysis of the nine automatic detection schemes adapted 

to detecting vehicles from wide-area aerial images. Assume that any overlap indicates a valid match 

between the detected objects and ground truth objects. The counts of each type of classification label 

for each algorithm in Tucson and Phoenix datasets are charted in Fig. 3.4. In this test, we use best 

average recall as a major criterion for parameter tuning on each algorithm in absence of any post-

processing [48]. 
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Figure 3.4. Counts of classification labels (TP, FN, FP) for Tucson dataset (top) and Phoenix dataset (bottom). 

 

In the first set of experiments, we evaluated the nine algorithms and their precision, recall, 

accuracy and average detection time per frame [48]: the results are shown in Table 3.1, which 

indicates that the detection methods without post-processing exhibit low precision and accuracy. 

While the all the nine algorithms have recall greater than 0.75, only the LT method achieves a 

precision higher than 0.7. 

Table 3.1. Performance of nine algorithms without post-processing. 

Alg. Year Precision Recall Accuracy Time (s) 

SR 2007 0.60 0.85 0.54 2.79 

LT 2007 0.71 0.82 0.61 2.67 

WMM 2008 0.46 0.91 0.44 3.28 

VMO 2009 0.41 0.93 0.40 7.52 

FL 2010 0.22 0.85 0.21 31.0 

FDE 2011 0.66 0.89 0.60 1.16 

MF 2013 0.65 0.77 0.54 7.35 

PAE 2013 0.64 0.79 0.55 2.83 

TE 2015 0.59 0.81 0.52 27.2 

 

Quantitative analysis for the adapted nine algorithms on F-measures is shown in Fig. 3.5, in which 

we see that LT has the highest 𝐹0.5 score and highest 𝐹1 score (F-score), FDE has the highest 𝐹2 

score, and FL has the lowest scores for all three F-measures [48]. 
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Figure 3.5. Average scores for three F-measures for the nine algorithms. 

 

The statistical measures of PWC [133] and MCC [13], [88] for Tucson dataset (T-set) and Phoenix 

dataset (P-set) are displayed in Fig. 3.6 [48]: we justify that LT has the smallest PWC for T-set, FDE 

has the smallest PWC for P-set, and the largest PWC occurs with VMO in T-set and FL in P-set. 

Since MCC indicates a degree of disagreement between prediction and observation such that a 

numeric value of MCC closer to zero suggests better classification, the best MCC was observed for 

MF in T-set and VMO in P-set; the worst MCC was observed for SL-PAE in T-set and FL in P-set. 

 

 

Figure 3.6. Average measures of PWC (top) and MCC (bottom) for both T-set and P-set for the nine algorithms. 

In the second set of experiments, quantitative results are evaluated in two scenarios [48]: (1) VMO 

combined with each of the five existing post-processing schemes and the proposed SIVP scheme, 

(2) each of the selected five algorithms combined with the proposed SIVP scheme. 

From T-set and P-set, we randomly chose ten groups of ten grayscale images of each for evaluation. 

VMO was combined with each of five post-processing schemes and the proposed SIVP scheme [48]. 
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A sensitivity analysis of tuning parameters for VMO is described as follows [45], [48]: The average 

F-score vs. the number of iterations used in VMO is shown in Fig. 3.7, where the best overall results 

are achieved when using 10 iterations for T-set and 20 iterations for P-set. A comparison of average 

F-score vs. the threshold scaling factor [39], [45], [47] applied in VMO [130] is depicted in Figure 

3.8, where the best overall results are achieved by multiplying the optimum threshold surface by a 

threshold scaling factor ranging from 0.6 to 0.7. 

 

Figure 3.7. Average F-scores of VMO vs. number of iterations for T-set (left) and P-set (right). 

 

 

Figure 3.8. Average F-scores of VMO vs. threshold scaling factor for T-set (left) and P-set (right). 

 

Some weakness of the five post-processing schemes (each adjusted with optimized thresholds) 

was observed for aerial images [45], [48]: while filtered dilation [131] improves average F-scores, 

the size of detected objects gets expanded by the dilation operation. Restrictions on heuristic filtering 

[132] lie in the fact that post-processing can be efficient only if vehicles have an aspect ratio distinct 
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from that of the potential FPs. The lowest average F-score was found on filtering by SI [137], where 

many FPs are still retained. With respect to sieving and (morphological) opening [76], [193], we 

found that objects tend to be wrongly removed if they are close to each other or sharing similar 

intensity (e.g., shadows and dark vehicles, medians dividing traffic lanes, and bright vehicles). We 

also found that since the width of an ordinary vehicle is merely a few pixels in our low-resolution 

aerial images, the opening operation must be performed by using a structuring element with just 1- 

or 2-pixel radius to sieve out small objects and preserve TPs. The two-stage scheme of sieving and 

closing [39], [45] had caused our concern regarding variation of vehicle size across different aerial 

datasets and even the same dataset where images are with different resolution. 

Table 3.2 shows a comparison of average F-scores of VMO combined with each of the post-

processing schemes, as well as the p-values of t-test in paired group data [48]. From Fig. 3.7, Fig. 

3.8 and Table 3.2, we conclude that the proposed SIVP scheme (highest F-score and lowest deviation) 

performs the best among the post-processing schemes compared. Except for filtered dilation having 

the smallest p-value, all the other p-values are greater than 0.05, proving no obvious performance 

difference between the two datasets. 

Table 3.2. Average F-score (mean and 95% CI) of VMO-based scheme combined with various post-

processing schemes (t-test for grouped frames in each dataset) 

Post-Processing T-Set P-Set p-Value 

No Post-Processing 0.50 ± 0.05 0.46 ± 0.03 0.84 

Filtered Dilation 0.78 ± 0.04 0.72 ± 0.03 0.04 

Heuristic Filtering 0.74 ± 0.04 0.64 ± 0.04 1.00 

Filtering by SI 0.56 ± 0.04 0.50 ± 0.03 0.95 

Sieving and Opening 0.58 ± 0.07 0.67 ± 0.04 0.09 

Sieving and Closing 0.79 ± 0.03 0.74 ± 0.03 1.00 

Proposed SIVP Scheme 0.80 ± 0.01 0.75 ± 0.02 1.00 

 

In the next experiment, we evaluate the proposed SIVP post-processing scheme [48] combined 

with each of five algorithms: SR, VMO, FL, FDE and PAE. Table 3.3 provides the TP, FN and FP 

counts for all frames in T-set and P-set for each algorithm before and after applying the proposed 

post-processing. We observe that the FP count for all five algorithms got reduced by our proposed 

scheme, e.g., in the case of FDE for T-set, FP shows a 94.5% reduction. Regarding the TP count, it 

has a 4.90% increase for FL in T-set and varies from a low decrease of 5.48% (FL) to a high decrease 

of 19.6% (PAE) in P-set. 
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Table 3.3. Classification of detected vehicles before and after applying the proposed SIVP post-processing 

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

              Algorithm 

Classified Outputs 
SR VMO FL FDE PAE 

TP 

Before 
T 3584 3876 3207 3515 3739 

P 2674 3420 3045 2965 3298 

After 
T 3264 3230 3364 3121 2915 

P 2372 108 2878 2523 2651 

FN 

Before 
T 180 49 175 418 258 

P 1022 519 959 815 626 

After 
T 417 92 219 747 945 

P 1269 852 1027 1162 934 

FP 

Before 
T 4189 7654 3244 3201 9100 

P 4933 10836 18649 3505 7667 

After 
T 549 1563 1803 177 721 

P 1655 1502 5865 1471 1831 

 

Evaluations of average F-score and PWC [11], [76], [133], [146] for the five algorithms before 

and after applying the proposed post-processing [48] are tabulated in Table 3.4, where each score 

with mean and 95% CI are computed for every algorithm. 

Table 3.4. Average F-score and PWC before and after applying the proposed SIVP scheme (mean and 

95% CI) 

          Algorithm 
Metric 

SR VO FL FDE PAE 

F-Score 

Before 
T 

0.63 
± 0.01 

0.51 
± 0.01 

0.65 
± 0.01 

0.66 
± 0.01 

0.54 
± 0.01 

P 
0.48 

± 0.01 
0.38 

± 0.01 
0.24 

± 0.01 
0.58 

± 0.01 
0.42 

± 0.01 

After 
T 

0.86 
± 0.01 

0.80 
± 0.01 

0.77 
± 0.01 

0.87 
± 0.01 

0.78 
± 0.01 

P 
0.62 

± 0.01 
0.73 

± 0.01 
0.46 

± 0.01 
0.67 

± 0.01 
0.66 

± 0.01 

PWC 

Before 
T 

54.39 
± 1.08 

65.60 
± 1.09 

51.25 
± 0.96 

50.41 
± 0.88 

64.03 
± 0.62 

P 
68.35 
± 0.95 

76.56 
± 0.55 

86.47 
± 0.28 

59.30 
± 0.99 

73.22 
± 0.59 

After 
T 

26.36 
± 0.94 

40.77 
± 1.11 

37.54 
± 1.15 

22.80 
± 0.78 

36.20 
± 0.98 

P 
55.21 
± 0.85 

46.93 
± 1.01 

70.54 
± 0.57 

50.77 
± 1.16 

50.58 
± 1.50 

 
From Table 3.4, we conclude that for T-set, the best F-score was observed for FDE, while the 

smallest was observed for FL; for P-set, VMO had the best F-score, while FL had the smallest F-

score. Regarding PWC, the best improvement was observed for FDE, which got reduced by 54.7% 

in T-set; the least improvement was seen in FL, which was reduced by only 18.4% in P-set. SR, FL, 
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FDE, and PAE showed better percentage of PWC reductions in T-set than those in P-set, while VMO 

indicated the opposite behavior. Among the five algorithms, VMO was the only one reduced PWC 

to below 50% in both datasets when combining with proposed post-processing. 

Fig. 3.9 depicts a visual comparison of five algorithms before and after applying our SIVP post-

processing scheme [48] on the enlarged subimages of size 64 × 64 pixels from the 50th frame of the 

T-set and P-set, where the legends identify each algorithm, the detected vehicles are bounded in 

color, and the bottom row depicts locations of the ground-truths (GT). Efficient removal of FPs by 

the proposed SIVP scheme is illustrated by comparing the results before and after post-processing. 

SR           

VMO           

                FL            

FDE            

PAE            

GT             

                T-set: Before      After    P-set: Before    After 

Figure 3.9. Visual comparison of vehicle detection via the five algorithms before and after applying the 

proposed SIVP post-processing scheme. 

 

For each evaluation metric and for each algorithm, numeric scores before and after the proposed 
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post-processing scheme [48] are shown in Table 3.5, where all the p-values are smaller than 0.00001, 

proving significant difference of statistics. From Table 3.5, we observe that the proposed SIVP post-

processing truly improves the performance of five vehicle detection methods. 

Table 3.5. Calculation of (t, p) values of five methods before and after applying the proposed SIVP scheme 

(mean and 95% CI) 

     Algorithm 

Metric 
SR VMO FL FDE PAE 

F-Score 
T (32.2, 10-5) (24.1, 10-5) (15.5, 10-5) (47.6, 10-5) (43.6, 10-5) 

P (19.4, 10-5) (31.9, 10-5) (26.8, 10-5) (20.4, 10-5) (42.3, 10-5) 

PWC 
T (-34.8, 10-5) (-28.7, 10-5) (-17.1, 10-5) (-50.8, 10-5) (-42.2, 10-5) 

P (-19.0, 10-5) (-30.7, 10-5) (-20.4, 10-5) (-19.8, 10-5) (-36.7, 10-5) 

 
Table 3.6 depicts the average CPU execution time for each algorithm before and after using the 

proposed SIVP scheme on post-processing [48]: from Table 3.6, we may conclude that the best 

improvement was seen for VMO, while the least improvement was observed for FDE. 

Table 3.6. Average CPU execution time (s) per frame for five algorithms before and after applying the 

proposed SIVP scheme. 

 SR VMO FL FDE PAE 

Before 2.79 7.52 31.4 1.16 2.83 

 SR VMO FL FDE PAE 

After 2.37 4.69 27.7 1.08 2.45 

 

3.5.2. Experimental results related with our spatio-temporal processing scheme. 

Quantitative results for our tests according to the proposed spatio-temporal processing scheme, 

were evaluated in the following scenarios [46]: 1) six detection algorithms each combined with the 

proposed spatial processing (using 8-neighborhood pixel based hysteresis thresholding followed by 

applying grayscale morphology); 2) selected two algorithms each combined with this scheme with 

various overlap thresholds; 3) quantitative scores of five algorithms before and after spatio-temporal 

processing; 4) some sensitivity analysis of closing operation versus the size of disk filter for spatial 

processing for four algorithms; 5) the verification of our proposed scheme for six algorithms using 

two public aerial video datasets; 6) average computation time for nine algorithms before and after 

spatio-temporal processing. Among the experiments as mentioned above, 1) and 2) were performed 
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on Tucson and Phoenix datasets, 3) represented experimental results obtained from the five aerial 

video datasets depicted in Fig. 3.3; 4) and 5) involved analysis using VIVID200 and the ten aerial 

frames of the parking dataset, while 6) combined the results for each of the nine algorithms before 

and after the proposed spatio-temporal processing [46] performed in their respective test scenarios. 

 

1) Six Automatic Detection Algorithms applying the Proposed Spatial Processing 

The first set of experiments computed the average F-score of each algorithm before and after 

combining with proposed spatial-processing [46]: average F-scores of each algorithm before and 

after using spatial processing are presented in Table 3.7, where the numerical results display the 

highest overall average F-score on the tested images for each dataset. For the Tucson (T) dataset, 

LPT achieved the best average F-score (0.89) after spatial processing, indicating the most significant 

improvement. For the Phoenix (P) dataset, after spatial processing, MMA and LPT achieved the 

highest (0.74) and second-highest average F-score (0.71), respectively; all the six algorithms 

combined with spatial processing [46] display higher improvements on their average F-scores for 

the Tucson dataset than for the Phoenix dataset, which is likely due to the appearance model diversity 

and a variable degree of motion [39], [40]. 

Table 3.7. Average F-score for each algorithm before and after combining with the proposed spatial 

processing 

Alg. F-Score Tucson (T) Phoenix (P) 

SR 
Before 0.63 0.46 

After 0.78 0.59 

FT 
Before 0.56 0.39 

After 0.87 0.58 

MSSS 
Before 0.51 0.41 

After 0.82 0.63 

LPT 
Before 0.24 0.20 

After 0.89 0.71 

MF 
Before 0.33 0.15 

After 0.76 0.45 

MMA 
Before 0.56 0.52 

After 0.82 0.74 

 

The classified detections of each algorithm before and after combining spatial processing are 

tabulated in Table 3.8, where the overlap threshold for classifying detections was set to zero (λ = 0), 

and the last four rows present quantitative results of average Fβ-score [46]: for each algorithm 

combined with our proposed spatial processing, the counts of S and FP are decreased compared to 



53 
 

 
 

the original counts, while the removal of FPs results in a loss of TPs for each algorithm; by column 

comparison, we see that spatial processing also leads to a distinct reduction of Splits and a slight 

increase of Merges. For the Tucson dataset, LPT yields the highest average Fβ score (0.93), and all 

six algorithms achieve an average Fβ score higher than 0.75 after spatial processing; for the Phoenix 

dataset, MMA shows the highest average Fβ score (0.74), which is the only algorithm with an 

average Fβ score higher than 0.70 after spatial processing. 

Table 3.8. Classified type of detections and Fβ scores for six algorithms before and after applying our 

spatial processing. 

Alg. 

Detection 
SR FT MSSS LPT MF MMA 

TP 

Before 
T 3575 3987 3985 3894 3843 3582 

P 2511 3253 3472 2927 2910 3018 

After 
T 3322 3704 3676 3552 2733 3026 

P 2235 2113 2434 2768 1808 2598 

S 

Before 
T 2793 3433 4058 4038 7704 980 

P 250 1376 1849 1591 2396 1377 

After 
T 601 817 415 448 222 8 

P 86 75 140 158 99 32 

M 

Before 
T 255 3 15 6 14 162 

P 452 130 338 318 59 455 

After 
T 295 183 223 36 80 646 

P 465 48 100 453 286 741 

FN 

Before 
T 182 22 12 112 155 235 

P 1097 677 250 815 1091 587 

After 
T 435 125 113 424 1199 340 

P 1360 1899 1526 839 1966 721 

FP 

Before 
T 4259 6471 7785 22387 16835 5651 

P 3457 7550 9501 22683 20907 4960 

After 
T 228 1405 1492 180 234 823 

P 1356 1324 1803 1472 1655 1007 

Fβ 

Before 
T 0.52 0.44 0.40 0.22 0.15 0.46 

P 0.47 0.35 0.32 0.15 0.23 0.44 

After 
T 0.91 0.76 0.78 0.93 0.84 0.81 

P 0.64 0.59 0.58 0.68 0.51 0.74 
 

Table 3.9 shows the PWC scores for all six algorithms before and after combining spatial 

processing in Tucson and Phoenix datasets, where the sample mean values are given along with a 

95% confidence interval (CI) [46]: by column comparison in Table 3.9, we see that in Tucson dataset, 

the PWC scores of all six algorithms are reduced to below 50%, while in Phoenix dataset, only LPT 

and MMA improved their PWC scores to below 50%. As a result, we conclude that using the 
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proposed spatial processing [46], LPT and MMA display the best two overall improvements of PWC 

among these six algorithms for the Tucson and Phoenix datasets. 

Table 3.9. PWC scores for each detection algorithm before and after combining with the proposed spatial 

processing 

Alg. 
Tucson (T) Phoenix (P) 

Before After Before After 

SR 
57.90 

± 0.97 

16.64 

± 0.96 

63.87 

± 0.94 

54.86 

± 0.85 

FT 
61.45 

± 0.84 

29.23 

± 1.21 

71.54 

± 0.63 

60.38 

± 1.30 

MSSS 
65.70 

± 0.81 

29.06 

± 1.17 

73.54 

± 0.56 

57.78 

± 0.90 

LPT 
82.15 

± 1.52 

14.53 

± 0.83 

88.70 

± 0.46 

45.51 

± 1.78 

MF 
79.10 

± 1.55 

34.50 

± 1.89 

88.02 

± 0.53 

66.72 

± 1.32 

MMA 
61.19 

± 1.15 

27.76 

± 1.08 

64.55 

± 0.66 

37.28 

± 0.96 

 

2) Selected Two Algorithms Combined with the Proposed Spatial Processing with Various Overlap 

Thresholds 

With respect to the best overall improvement in PWC, LPT and MMA are chosen as two candidate 

algorithms for our performance analysis over a range of overlap thresholds λ (used for classifying 

detections) [46]: the average precision, recall, F-score and Fβ score (β2 = 0.3) of LPT and MMA 

after spatial processing are depicted in a set of subplots in Fig. 3.10 for the Tucson dataset and Fig. 

3.11 for the Phoenix dataset, respectively. Fig. 3.10 illustrates that for the Tucson dataset, as the 

overlap threshold increases, LPT shows better precision but poorer recall when comparing to MMA; 

however, MMA displays better F-score than LPT when the overlap threshold is within the range of 

8% to 40%; regarding Fβ score, MMA has slightly worse performance than LPT when the overlap 

threshold is ranging from 0 to 15%, while it is better than LPT when the overlap threshold is higher 

than 15%. Fig. 3.11 shows that for the Phoenix dataset, comparing MMA to LPT, when the overlap 

threshold is higher than 5%, the discrepancy of recall increases; when the overlap threshold is below 

5%, the similarity of their recalls is not obvious. We also observe that MMA exhibits better scores 

precision, F-score, and Fβ values comparing to those of LPT. 
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Figure 3.10. Performance of LPT and MMA versus overlap threshold (Tucson dataset): precision (top left), 

recall (top right), F-score (bottom left), and Fβ value (bottom right). 

 

 

Figure 3.11. Performance of LPT and MMA versus overlap threshold (Phoenix dataset): precision (top left), 

recall (top right), F-score (bottom left), and Fβ value (bottom right). 
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Regarding the six vehicle detection methods before and after spatial processing, these above 

experimental results [46] demonstrate the effectiveness of our proposed scheme based on basic IR 

evaluation metrics, while this is sometimes at the cost of increasing missed vehicles. As the next set 

of our experiments shows, temporal processing is also necessary for better utilization of motion 

information among registered frames. 

 

3) Quantitative Evaluation of Five Selected Detection Algorithms applying the Proposed Spatio-

Temporal Processing 

In this subsection, we test how the proposed spatio-temporal processing [46] works for a few 

selected algorithms using five aerial datasets. Since MF displayed the worst overall performance in 

the experiments discussed above, we excluded the MF scheme; while SR, MSSS, LPT, MMA, and 

the VMO scheme were retained for further evaluation. The total counts for each type of detections 

were computed for four low-resolution datasets (Tucson, Phoenix, UA North, and UA South datasets, 

containing 9871 vehicles in total) using an overlap threshold λ = 0.1, and for Tempe dataset (which 

includes 1114 vehicles) using an overlap threshold λ = 0.25 due to higher resolution in contrast [46]. 

Table 3.10 provides the classified types of detections for all frames in the four low-resolution 

datasets (Merged) and Tempe high-resolution dataset for each algorithm before and after applying 

the proposed spatio-temporal processing [46]: from Table 3.10, we observe that an average reduction 

of 83.8% on FP count for all five algorithms was achieved by the proposed scheme. For instance, 

FP shows a 95.1% reduction in the case of LPT for the Merged datasets, while FP displays a 96.3% 

reduction for MSSS with Tempe dataset. Regarding the TP count, it varies from a high decrease of 

21.0% (MSSS) in the Tempe dataset to a low decrease of 11.3% (LPT) in the Merged four datasets. 

Average F-score and PWC for each of the five detection algorithms before and after using the 

proposed spatio-temporal processing are tabulated in Table 3.11, along with the 95% confidence 

interval [46]: the highest average F-score was shown for SR (0.75), while the lowest was observed 

for VMO (0.50) after applying our scheme to each algorithm. Regarding PWC scores, the least 

improvement was seen in MMA, which was reduced by 27.0%, the highest improvement was 

observed for LPT, which got decreased by 46.1%; Meanwhile, we justify that only two algorithms 

(SR and LPT) among the five algorithms, had their PWC scores dropped below 50% after being 

combined with the proposed spatio-temporal scheme. 
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Table 3.10. Classified type of detections for five algorithms before and after spatio-temporal processing. 

                   Alg. 

Detection 
SR MSSS VMO LPT MMA 

TP 

Before 
Merged 7439 8786 8782 8323 8056 

Tempe 1040 941 1113 1103 1000 

After 
Merged 6311 6940 7599 7382 6698 

Tempe 935 815 952 1064 867 

S 

Before 
Merged 3190 7162 14867 6664 3781 

Tempe 2226 6007 26015 21418 2276 

After 
Merged 796 982 1659 805 177 

Tempe 1087 46 1978 3207 340 

M 

Before 
Merged 786 717 136 324 636 

Tempe 73 173 0 11 114 

After 
Merged 790 1110 1464 511 1444 

Tempe 0 203 162 12 246 

FN 

Before 
Merged 1646 368 953 1224 1179 

Tempe 1 0 1 0 0 

After 
Merged 2770 1821 808 1978 1729 

Tempe 179 96 0 38 1 

FP 

Before 
Merged 8515 21298 58082 47097 12313 

Tempe 8441 43397 25610 69304 11087 

After 
Merged 1736 8977 11641 2331 2582 

Tempe 125 1592 4743 4071 4129 

 

Table 3.11. Average F-score and PWC for five algorithms before and after spatio-temporal processing. 

    Alg.        

Metric 
SR MSSS VMO LPT MMA 

F-Score 

Before 
0.48 

± 0.01 

0.23 

± 0.01 

0.19 

± 0.01 

0.14 

± 0.01 

0.42 

± 0.01 

After 
0.75 

± 0.01 

0.55 

± 0.01 

0.50 

± 0.01 

0.67 

± 0.01 

0.64 

± 0.01 

PWC 

Before 
68.69 

± 1.53 

86.99 

± 1.20 

89.53 

± 1.06 

92.58 

± 0.79 

72.25 

± 0.64 

After 
39.90 

± 1.03 

61.69 

± 1.21 

66.78 

± 1.29 

48.92 

± 0.83 

52.74 

± 1.35 

 

4) Sensitivity Analysis of Closing Operation vs. Size of Disk Filter for Spatial Processing by Four 

Algorithms 

To investigate adaptability to other aerial datasets, we also conducted tests on the proposed spatial 

processing scheme using two widely recognized public datasets [46]: VIVID200 and the parking lot 

datasets. 



58 
 

 
 

Given that the relationship between accuracy and the size of structuring elements for vehicle 

detection was studied by Li et al. [76] for datasets of different resolutions, a similar analysis was 

performed using our aerial datasets [46]: the average F-score as an evaluation metric was used to 

measure four detection algorithms (Duda, CIS, MSSS, and VMO) by applying a variable size of 

structuring elements to perform the operations of morphological closing. We tuned the radius of the 

morphological disk filter from 2 to 25. This test was performed using the VIVID200 dataset, and 

the average F-score for each of the four algorithms is shown in Fig. 3.12 [46]: the improved average 

F-score was found as close to optimal for Duda, CIS, and MSSS when the filter size reached 10 

(where average F-score of VMO equals 0.51); however, when the filter size gets larger, the average 

F-score of VMO still increases, which indicates an exception. After applying the proposed spatial 

processing scheme [46] to each of the four algorithms (depicted in Fig. 3.12) in addition to LPT and 

MMA, the performance analysis was conducted on ten aerial frames of the parking lot dataset [46]: 

since the image resolution varies from different aerial datasets, we used a square 2 × 2 filter for 

morphological opening followed by a 10 × 10 disk filter for morphological closing. Since SR had 

displayed highest average F-score before temporal processing, and we already had some alternative, 

adapted algorithms such as MSSS and CIS, we did not use SR in this set of experiments. 

 

Figure 3.12. Average F-score of four algorithms versus the size of disk filter for morphological closing 

(VIVID200). 
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5) Performance Verification of Our Approach on Six Detection Algorithms Using Public Aerial 

Video Datasets 

The classified detections and average F-score for six algorithms, before and after applying the 

spatial processing scheme for the parking lot dataset are tabulated in Table 3.12 [46]: we justify that 

all the algorithms except for MSSS and CIS had FPs significantly reduced by over 90%; for example, 

Duda displays a 92.3% reduction, while VMO shows a 90.5% decrease. The best improvements of 

average F-score and average computation time were found on VMO, while the lowest values for 

both measures were seen on CIS. 

Table 3.12. Performance analysis of six algorithms before and after spatial processing (parking lot dataset). 

Alg. Time (s) 
Classified Detections 

F1 
TP S M FN FP 

MSSS 
Before 4.50 139 138 3 63 1114 0.26 

After 1.49 114 22 8 83 308 0.42 

VMO 
Before 12.0 194 1236 3 8 10824 0.12 

After 2.55 167 96 7 31 1027 0.36 

CIS 
Before 2.24 142 60 6 57 374 0.39 

After 1.89 102 11 10 93 113 0.46 

Duda 
Before 19.8 203 1946 2 0 19575 0.06 

After 2.17 134 119 47 24 1505 0.25 

LPT 
Before 3.74 177 491 0 28 3142 0.20 

After 1.65 130 87 16 59 258 0.45 

MMA 
Before 3.12 170 335 1 34 2153 0.26 

After 2.16 138 76 9 58 202 0.52 
 

The classified detections for the same six algorithms before and after the proposed spatio-

temporal processing for the VIVID200 dataset are presented in Table 3.13 [46]: in spatial processing, 

a square 3 × 3 filter for morphological opening followed by a 10 × 10 disk filter got implemented 

for morphological closing. We observe that, five out of the six algorithms (except for CIS) display 

more than 90% reduction of FPs; for instance, MMA displays a 97.5% reduction and LPT has a 

95.2% reduction. the highest increase in average F-score was shown on VMO (with the best 

improvement, by a 95.6% reduction of FPs but a trade-off of 4.63% loss of TPs), while the lowest 

improvement was found on LPT. 

Fig. 3.13 depicts the visual comparison of six algorithms displayed in Table 3.12 and Table 3.13 

before and after applying our proposed scheme [46]: we pick up each of the sub-images with size 

400 × 400 pixels from the 100th frame of VIVID200 dataset and the 5th frame of the parking lot 

dataset, where each algorithm is identified by the legends, the detected vehicles are bounded in color, 
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and the raw data and GT locations are shown in the bottom row. Efficient removal of Splits and FPs 

can be explicitly illustrated for each of the six algorithms when comparing the results before and 

after using the proposed scheme. 

Table 3.13. Performance analysis of four algorithms before and after spatio-temporal processing 

(VIVID200 dataset). 

Alg. Time (s) 
Classified Detections 

F1 
TP S M FN FP 

MSSS 
Before 0.66 1166 2050 0 0 10543 0.19 

After 0.40 798 197 0 368 591 0.63 

VMO 
Before 1.06 1166 3504 0 0 7897 0.27 

After 0.87 1112 138 0 54 347 0.85 

CIS 
Before 1.30 1112 351 0 54 1458 0.60 

After 0.53 923 69 0 243 351 0.76 

Duda 
Before 1.65 1166 3425 0 0 2926 0.45 

After 0.54 1166 166 0 0 269 0.98 

LPT 
Before 0.74 834 3109 309 23 32244 0.30 

After 0.22 642 12 360 164 1532 0.66 

MMA 
Before 0.54 1166 1679 0 0 27160 0.08 

After 0.13 625 122 0 541 713 0.51 

 

6) Evaluation of Computation Time for Nine Algorithms Before and After Spatio-Temporal 

Processing 

The average CPU time for each of the nine detection algorithms before and after using spatio-

temporal processing was shown in Table 3.14 [46]: from column comparison, we observe that due 

to the efficiency in eliminating FPs by the proposed scheme, average computation time of each 

algorithm is reduced. VMO demands the longest computation time, CIS shows the fastest run time; 

regarding the reduction in CPU time, Duda displays the highest improvement, while MMA suggests 

the lowest improvement. 

Table 3.14. Average CPU time of nine algorithms before and after spatio-temporal processing. 

 SR FT MSSS VMO MF 

Before 3.10 4.94 5.76 8.36 8.17 

After 1.91 1.52 2.09 3.25 1.76 

 CIS Duda LPT MMA 

 Before 1.35 2.51 5.82 3.79 

After 0.59 0.62 2.24 2.27 
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MSSS          

VMO          

 CIS          

Duda          

LPT           

MMA          

GT           

       VIVID (100th frame)     Parking (5th frame) 
 

Figure 3.13. Visual comparison of aerial vehicle detection via the six algorithms before and after using the 

proposed scheme, along with GT (last row). 

 

3.6 Discussions and Concluding Remarks 

In this chapter, we have presented the performance analysis of nine automatic object detection 

and segmentation algorithms adapted for vehicle detection in low-resolution aerial images. Using 

best average recall as a criterion for evaluation, we observed that WMM and VMO achieved recall 

rate greater than 0.9. LT and FDE algorithms had the highest precision and accuracy, whereas the 

FL algorithm had the lowest precision and accuracy [48]. The ranks of PWC and MCC on the nine 
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vehicle detection algorithms varied: LT achieved lowest PWC, MF displayed the best MCC in 

Tucson dataset, while FDE showed lowest PWC and VMO had the best MCC in Phoenix dataset. 

We proposed a SIVP post-processing scheme, which comprises pre-sieving using two thresholds 

applied to object area, morphological closing, and conditional sieving with respect to compactness 

[39], [48]. Under the criterion of best overall average F-score, verifications from the VMO-based 

scheme [45], [126], [130] show that the proposed method has better overall performance when 

compared with five existing post-processing schemes. Applying the proposed scheme to each of the 

five algorithms, quantitative results show the reduction of FPs and PWC, thereby leading to an 

enhancement in F-score; regarding low-resolution wide-area images from an aerial traffic video, the 

proposed scheme indicates applicability for improving detection performance [48]. 

We have derived a spatio-temporal processing scheme on vehicle detection in wide-area aerial 

imagery [46], which comprises a multi-neighborhood hysteresis thresholding scheme followed by 

morphological opening and closing to reduce false detections in the spatial domain, and a temporal 

processing scheme to further reduce false detections using two criteria to compare and classify a 

detection between adjacent frames. We conducted a set of experiments to prove that the proposed 

scheme [46] achieves some performance improvement in vehicle detection accuracy, while reducing 

average computation time suggests the added benefit of this scheme. We justify that PWC scores are 

improved the most for the LPT and MMA adapted algorithms, while MMA shows better scores than 

LPT when the overlap threshold is higher than 15%. Regarding spatio-temporal processing, we 

observed the efficient removal of FPs for the five algorithms under test. The VMO-based algorithm, 

combined with our proposed scheme had the best improvement of average F-score, was indicated 

by experiments using two publicly available aerial video (VIVID200 and parking lot datasets) [46]. 
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CHAPTER 4: OBJECT DETECTION AND CLASSIFICATION BY CLEAR AND 

ENHANCED MEASURES 

 

Since the spatial resolution of images is quite low in wide-area aerial imagery, performance 

analysis of object detection combined with post-processing schemes is challenging, which may call 

for enhanced measures in contributing to the completeness of our research study. In this chapter, we 

present the quantitative results of ten object detection algorithms [56], [67], [97], [104], [128], [145], 

[155], [173], [182], [195] combined with several post-processing schemes including filtered dilation 

[131], heuristic filtering [132], sieving and closing [39], [45], the SIVP scheme [48] which involves 

thresholding with respect to area and compactness, and the proposed MTAP scheme [43] which also 

consists of three stages: median filtering, opening and closing, followed by linear Gaussian filtering 

with nonmaximum suppression (NMS). 

 

4.1 Related Work 

  Regarding the performance evaluation metrics to measure what degree of each post-processing 

scheme improves the object detection accuracy, besides the basic IR metric [105] and CLEAR metric 

[65], a third set of metrics which are a subset of enhanced measures that we applied in [43], i.e., the 

weighted Fβ measure (Fbw) [96], the structural similarity index measure (SSIM) [35] and the 

enhanced alignment measure (EAM) [33]. 

In this chapter, our performance evaluations [43] were conducted using two widely used datasets 

(VIVID200 and VEDAI302). We compared the detections and time cost of each algorithm either 

without or with the proposed post-processing scheme, verified our approach via replacing either 

datasets or algorithms. We verified the sieving and closing as well as the SIVP scheme display better 

Fβ-score and PASCAL value via four algorithms. We evaluated combinations of ten object detection 

and segmentation methods [56], [67], [97], [104], [128], [145], [155], [173], [182], [195] with two 

post-processing schemes [43], [48] by adopting a set of recent evaluation metrics, i.e., Jaccard Index 

(JI) or IOU [35], the weighted Fβ measure (Fbw) [96], the structural similarity measure (SSIM) [35] 

and the enhanced alignment measure (EAM) [33]. We compared the automatic detection outputs 

with their GT in the two low-resolution aerial datasets and established the classified detection results 

on ten algorithms each combined with selected post-processing schemes [43]. 
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4.2 Proposed Post-Processing 3: the MTAP Scheme 

Recall that the two-stage scheme of sieving and closing on vehicle detection was proposed as 

below [39], [45], [47]: the first stage is a sieving process using two area thresholds (in pixels) to 

discard any objects outside the range, A ϵ [tlow, thigh]), and a closing operation using mathematical 

morphology, which connects adjacent small objects, smooths the image border, and repairs the tiny 

holes inside each detection. The shortcomings of this scheme were found as follows [48]: i) [tlow, 

thigh] threshold for expected vehicle size may not be applicable for other aerial datasets containing 

images with variable resolutions; ii) while the size of structuring elements is highly dependent on 

the actual pixel-area size of objects, a single closing operation is prone to reduce tiny false detections. 

In contrast to sieving and closing [39], [45], the proposed three-stage SIVP scheme in [48] may 

achieve better performance on post-processing, where the weakness of using expected vehicle size, 

less applicability on aerial datasets with images of various spatial resolutions, were partially released 

[48]. Another three-stage post-processing scheme is our proposed MTAP scheme, which was derived 

for better concern on the independence of an object size in an arbitrary aerial dataset, which can be 

described in the following steps [43]: a median filter was applied for pre-processing; an opening 

operation followed up with closing operation got used by combining variable sizes of structuring 

elements using mathematical morphology; finally, when reducing false detections, linear Gaussian 

filtering was performed along with non-maximum suppression (NMS). The proposed MTAP post-

processing scheme [43] to improve performance on aerial vehicle detection network is depicted in 

Fig. 4.1. 

Foreground Detection                  Proposed Post-Processing 3: the MTAP Scheme 
  

    Classified Output 

 

 

 

 

 

 

 

Major steps of the proposed MTAP scheme on post-processing are presented as below [43]: 

Step 1. Pre-processing by a median filter. The median filter works for each pixel and searches for 

its 8-connected neighborhood pixels to justify whether it represents its surroundings, where two 

cases will be used for replacement: the average of two middle pixel values on an even number of 

pixels, or the median value on an odd number of pixels. This step reduces noise and retains useful 

Grayscale 

Image 

 

Segmentation 

Algorithm 

 

Labeling and 

Classification 
Median 

Filtering 

 

Opening 

and Closing 

 

Linear Gaussian 
Filtering + NMS 

Compare 

with GT 
Compare 

with GT 

Figure 4.1. Proposed detection network on aerial vehicles: foreground detection followed by applying the 

MTAP scheme on post-processing. 
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details in grayscale frames. 

Step 2. Apply grayscale mathematical morphology to perform opening and closing. An operation 

of morphological opening plays the role of reducing tiny objects, separating regions at a fine scale 

and smoothing the border of large detections, while an operation of morphological closing did the 

same task in Step 2 of [48]. Their advantages were jointly employed in our approach by using an 

unbiased 3 × 3 square filter to perform opening and a 10 × 10 disk filter to perform closing for both 

VIVID200 and VEDAI302 datasets in this step. 

Step 3. Conduct linear smoothing by applying a single Gaussian kernel filter and followed by 

non-maximum suppression (NMS). In this step, any unrelated FPs obtained from the foreground 

segmentation outputs will be eliminated. In our implementation, a 2D Gaussian convolutional filter 

with kernel size = (5,5), standard deviation = 4, was constructed, and then the integer part of standard 

deviations in both X and Y directions was taken to accelerate the related computations. 

 

4.3 Evaluation Metrics 

Basic information retrieval (IR) metrics [105] was applied to measure the performance of each 

detection algorithm in condition of either no post-processing or being associated with a post-

processing scheme, where each metric is formulated as follows [43], [47], [48], [114] 

TP
Precision = 

TP + FP
                           (4.1) 

TP
Recall = 

TP + FN
                           (4.2) 

                          𝐹𝛽 =
(1+𝛽2)Precision×Recall

𝛽2Precision+Recall
                     (4.3) 

when β = 1, F-score or F1, the harmonic mean of precision and recall, is equivalent to the unbiased 

Fβ measure. Substituting precision and recall in the expression of TP, FP and FN into Eq. (4.3), then 

a simplified expression of F-score is denoted as [43], [48] 

    F-score = 
2×TP

2×TP + FP + FN
                       (4.4) 

Percentage of wrong classification (PWC) measures the ratio of FP and FN in total, to the sum of 

TP, FP, FN and TN [39], [43], [45], [133] 

FN + FP
PWC = 

TP + FN + FP + TN
                       (4.5) 
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Another common score is known as the PASCAL measure, which is formulated as [43], [96] 

PASCAL = 
TP

TP + FN + FP 
                          (4.6) 

Note that lower PWC and higher PASCAL suggest better detection accuracy. Given the fact that 

the ground truth (GT) of detection results represents foreground map from manual segmentations, 

we supplement recently proposed evaluation metrics [33], [35], [96] for our performance evaluation 

[43]. Recent study from Margolin et al. [96] and Fan et al. [35], specified that one weakness of F-

score lie on the ignorance of structural similarities due to its foundation on some pixel-wise errors. 

On the other hand, the results of either detection or segmentation model should retain the structure 

of objects. Therefore, the weighted Fβ measure [96], the structural similarity measure (SSIM) [35] 

as well as the enhanced E-measure [33] come along with subsequent tests to verify the performance 

of ten algorithms [56], [67], [97], [104], [128], [145], [155], [173], [182], [195] combined with the 

proposed MTAP scheme [43] and the SIVP scheme in [48] on post-processing. 

Regarding the new set of evaluation metrics, four basic types of classifications on resolving the 

interpolation flaw (as specified by Margolin et al. in [96]), can be defined as [43], [96] 

      TP′ = D × G                                   

FN′ = (1 – D) × G                              

FP′= D × (1 – G)                               

TN′ = (1 – D) × (1 – G)                        (4.7) 

where D1×N denotes a non-binary map to be evaluated against the GT, G1×N denotes the column-

stack representation of the binary GT, N stands for the number of pixels in an image. For each pixel 

of the map, D(i) ≠ G(i) indicates incorrect classification while D(i) = G(i) symbols for the correct 

case. 

Let us rewrite the group of equations in (4.7) as functions of the detection errors, and denote E1×N 

as the absolute detection error [96], and hence, 

      E = | G – D |                              (4.8) 

Given that G is binary, the four quantities of Eq. (4.7) is now expressed as [43], [96] 

TP′ = (1 – E) × G                              

FN′ = E × G                                   

FP′= E × (1 – G)                              

TN′ = (1 – E) × (1 – G)                       (4.9) 
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when considering mutual dependency of pixels and location of errors, we apply a weighing function 

to the detection errors, where it consists of two elements [43]: a matrix AN×N to model the mutual 

dependency of two pixels and a vector BN×1, to construct the varying importance of pixels [96]. The 

error map is measured in presence of a per-element function, which is incorporated as [43], [96] 

  Ew = min (E, E A) · B                        (4.10) 

where A takes minimum between two pixels to reduce error and B re-weighs result with respect to 

the location of pixels. At this stage, we redefine the basic quantities on four types of detections as 

[43], [96] 

TPw = (1 – Ew) × G                             

FNw = Ew × G                                  

FPw = Ew × (1 – G)                             

TNw = (1 – Ew) × (1 – G)                      (4.11) 

Combining the quantities of Eq. (4.11), an updated set of metrics for weighted precision (measuring 

exactness), weighted recall (measuring completeness) and the weighted F-measure is denoted as 

[43], [96] 

Precisionw =  
𝑇𝑃𝑤

𝑇𝑃𝑤 + 𝐹𝑃𝑤
 ,  Recallw = 

𝑇𝑃𝑤

𝑇𝑃𝑤 + 𝐹𝑁𝑤
              (4.12) 

             (4.13) 

Because some limitations of the measures as mentioned above [43], [96] had been recognized as 

insufficient utilization on the structural information of predicted maps, the sensitivity concern to 

foreground structures need to be added to the evaluation metrics [35], [43]. Consider the product of 

progressively comparable components of three parts (luminance, contrast and structure), upon 

measuring an original image and its test image in pairs, the Structural Similarity Index Measure 

(SSIM) can now be formulated as [35], [43] 

ssim = 
2�̅��̅�

(�̅�)2 + (�̅�)2 ∙
2𝜎𝑥𝜎𝑦

(𝜎𝑥)2 + (𝜎𝑦)2 ∙
𝜎𝑥𝑦

𝜎𝑥𝜎𝑦
                (4.14) 

where 𝑥,̅ 𝑦,̅  𝜎𝑥, 𝜎𝑦  denote the mean and standard deviations of x and y, 𝜎𝑥𝑦  stands for the 

covariance between 𝜎𝑥  and 𝜎𝑦. Note that a set of pixel values in the non-binary saliency map (SM) 

are denoted as x = {xi | i = 1, 2, … , N}, while the set of GT pixel values are denoted as y = {yi | i = 

1, 2, … , N} [35], [43]. 
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Taking each of the SM and GT maps separated as a total number of K blocks into account, the 

similarity of region on each block, denoted as ssim(k), can be computed via Eq. (4.14). Regarding 

the ratio of a GT foreground region that each block shows coverage, a different weight (wk) was 

assigned to each block, and hence, the region aware SSIM is defined as [35], [43] 

𝑆𝑟 =  ∑ 𝑤𝑘 ∗ 𝑠𝑠𝑖𝑚(𝑘)𝐾
𝑘=1                       (4.15) 

  The global similarity includes both region-aware and object-aware structural similarity, while the 

later part considers the sharp contrast between foreground-background. The foreground comparison 

OFG is now derived as [35], [43] 

  OFG = 
2�̅�𝐹𝐺 �̅�𝐹𝐺

(�̅�𝐹𝐺)2 + (�̅�𝐹𝐺)2
                         (4.16) 

where �̅�𝐹𝐺 , �̅�𝐹𝐺  denotes the means of probability values on foreground region of SM and GT, 

respectively; Since OFG displays the closer similarity between two foreground maps, regarding its 

range, OFG ϵ [0, 1]; meanwhile, OFG = 1 if and only if �̅�𝐹𝐺 = �̅�𝐹𝐺  [35], [43]. 

For the uniform saliency distributions on foreground and background regions of the GT maps, the 

distribution of dissimilarity DFG in object level between SM and GT is expressed via the coefficient 

of variation, which can be formulated as [35], [43] 

                DFG = 
(�̅�𝐹𝐺)2 + (�̅�𝐹𝐺)2

2�̅�𝐹𝐺 �̅�𝐹𝐺
+ 휀 ∗

𝜎𝑥𝐹𝐺

�̅�𝐹𝐺
                    (4.17) 

where a constant ε was induced to balance standard deviation and the mean. Given the deterministic 

fact of GT foreground such that its mean probability is exactly 1, OFG, the similarity between SM 

and GT in object level is now rewritten as [35], [43] 

  OFG = 
1

𝐷𝐹𝐺
 = 

2�̅�𝐹𝐺

(�̅�𝐹𝐺)2 +1+ 2𝜀∗ 𝜎𝑥𝐹𝐺

                   (4.18) 

Similarly, as the complementary component of foreground by subtracting the SM and GT maps from 

1, the background comparison OBG can be defined as [35], [43] 

  OBG = 
2�̅�𝐵𝐺

(�̅�𝐵𝐺)2 +1+ 2𝜀∗ 𝜎𝑥𝐵𝐺

                      (4.19) 

Another constant γ is used to define the ratio of foreground regions in GT to the actual pixel area of 

an image (width × height), and hence, the object aware SSIM can be expressed as [35], [43] 

  So = γ × OFG + (1 – γ) × OBG                   (4.20) 

Combining region-aware and object-aware SSIMs, the final SSIM measure is shaped as [35], [43] 

S = (1 – ρ) × Sr + ρ × So                     (4.21) 
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where ρ ϵ [0, 1], following the implementation of ρ = 0.5 as specified in [35], [43], we also justify 

that S = (Sr + So) / 2. 

When the similarities and differences between a foreground map (FM) and its GT got evaluated, 

we may simultaneously consider the importance of local information and global information. Hence, 

an enhanced measure with alignment terms was proposed to describe some well-defined properties 

of binary maps, then local pixel values and image-level mean value in one single term are integrated, 

which jointly help capturing the information of image-level statistics and local pixel matching [33], 

[43]. Fan et al. [33] defined a bias matrix φ when searching for a distance between every pixel-wise 

value of the input binary FM I and its global mean μI, which is formulated as [33], [43] 

φI = I – μI · Δ                             (4.22) 

Most notably, Δ denotes a unit-1 matrix where its size is equal to I. Let us define the two bias 

matrices φGT and φFM for the binary ground-truth map GT and the binary foreground map FM, 

respectively, where I ϵ {GT, FM}. The alignment matrix ξFM measures correlation (Hadamard 

product) between φGT and φFM, which quantifies the similarity of φI [33], [43] 

ξFM = 
2 𝝋𝐺𝑇° 𝝋𝐹𝑀 

𝝋𝐺𝑇°𝝋𝐺𝑇 + 𝝋𝐹𝑀° 𝝋𝐹𝑀
                       (4.23) 

where ° stands for the Hadamard product. If and only if the φGT (x, y) and φFM (x, y) displays the 

same sign, for instance, the two inputs are aligned at position (x, y), ξFM (x, y) ≥ 0. 

The enhanced alignment can be expressed as a quadratic form, which is simple, effective and may 

perform well in previous experiments, hence, its matrix form ΦFM is denoted as [33], [43] 

ΦFM = f (ξFM) = (1 + ξFM)2 / 4                      (4.24) 

Finally, upon denoting the pixel-level matching and image-level statistics of a binary map, the 

enhanced-alignment measure (known as E-measure, or EAM) QFM, appears as a function of ΦFM , 

which has the following expressions [33], [43] 

QFM = 
1

𝑤 × ℎ
 ∑ ∑ 𝜱𝐹𝑀(𝑥, 𝑦)ℎ

𝑦=1
𝑤
𝑥=1                   (4.25) 

where w and h correspondingly represent the width and the height of a binary map. 

  Recall that the Jaccard Index (JI), also known as the Jaccard similarity coefficient, measures the 

similarity and difference between two finite set of samples A and B, which can be defined as in [208] 

                (4.26) 
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In foreground evaluation of binary objects, the formula above has a similar definition with the 

intersection over union (IOU) measure as in [33] 

JI = IOU = 
TP

TP + FN + FP 
 = 

F1

2  ̶  F1 
               (4.27) 

Since our aerial datasets do not involve human visual properties, we did not apply the subjective 

assessment and objective measures as referenced in [33] for visual quality evaluation. 

 

Besides the set of enhanced measures [33], [35], [43], [96] for the performance analysis on aerial 

object detection, the performance evaluation metrics of PWC, MODA and MOC [39], [40], [43]-

[48], [105], [133], are still preserved for quantitative analysis on each algorithm before and after 

combining with a post-processing scheme. According to the definition by Kasturi et al. [65] on 

vehicle detection and tracking in video analysis, the count of FNs (Misses) is denoted as mi and the 

count of FPs is denoted as fpi, then the multiple object detection accuracy (MODA) of i-th frame (i 

= 1, 2, …in each dataset) is computed as [43], [65] 

( )

( ) ( )
MODA( ) 1

m i f i

i

G

c m c fp
i

N

+
= −                       (4.28) 

where cm, cf and
( )i

GN stands for the cost functions of FNs, FPs, and the counts of GT objects in the i-

th frame, respectively. 

Due to fair evaluation of quantitative performance [65] in the related tests in [43], we initialize 

equal weights of cm (.) = cf (.) = 1. Hence, the normalized multiple object detection accuracy (N-

MODA), indicates the same numerical value as multiple object count (MOC), and hence, the other 

metric on the accuracy of counts over all the frames per dataset, can now be expressed as [43], [65] 

1

( )

1

[( ) ( )]
MOC 1

frames

frames

N

i ii

N i

Gi

m fp

N

=

=

+
= −




                  (4.29) 

Given the case that no negative sample exists in the GT among all the classified detection outputs, 

none of the true negative (TN) samples exists on each dataset, hence TN = 0. Meanwhile, since the 

Splits (S) or Merges (M) were classified as secondary detection errors for quantitative evaluation, 

despite that S and M are both numerically counted, they were both absent when computing MODA 

or MOC. With respect to our latest study, there has not been any terminal agreement on the weights 

of either Splits (S) or Merges (M) in either previous research work [39], [40], [43]-[48], [65], [105], 

[133] or the enhanced performance metrics based on the state-of-the arts [33], [35], [43], [96]. 
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4.4 Datasets 

Two widely recognized datasets were used from aerial video websites on object detection and 

tracking to conduct our performance evaluation [43]: we specified one dataset as VIVID200, which 

comes from EgTest01, a subset of PETS2005 on VIVID tracking evaluation website, which contains 

200 consecutive aerial frames with size 640 × 480, where all the vehicles trace a loop around a 

roadway and move straight in the terminal. We manually segmented the 1166 vehicles as its ground 

truth (GT). The other dataset was named as VEDAI302, where its Part 1 of images with size 1024 

× 1024 was downloaded. We just manually segmented 960 foreground objects from 302 images of 

this dataset, which include vehicles, boats and airplanes snapshotted from wide-area aerial imagery. 

VIVID200 and VEDAI302 now serve as our datasets for performance evaluation of ten adapted 

object detection algorithms [56], [67], [97], [104], [128], [145], [155], [173], [182], [195] each 

combined with several existing post-processing schemes [43], [45], [48], [131], [132], [193], and 

the degree of improvement on the proposed (MTAP) post-processing scheme and the other scheme 

combining compactness measure [39], [48] on post-processing for selected algorithms. We used 

VIVID200 and VEDAI302 datasets on calculating the time cost of each algorithm with or without 

combining a post-processing scheme and estimated the time complexity of the proposed MTAP 

scheme and six existing post-processing schemes. 

Without loss of generality, we used two other datasets [39], [40], [45], [47], [48] for verification 

in the last stage of experiments. We had named them as Tucson (T) and Phoenix (P) datasets in our 

prior study, where cropped images from low-resolution aerial video with size of 720 × 480 pixels 

per frame. Manually segmented vehicles are of uniform rectangular shape, which represents single-

class objects. GT vehicles are of variable area size (4012 vehicles ranging from 40 to 150 pixels in 

Tucson (T) dataset and 4060 vehicles distributed from 20 to 175 pixels in Phoenix (P) dataset [43]). 

Except for VEDAI302, all the other three are aerial video datasets. Similarly, we compare automatic 

detections with the GT per frame for any of the algorithms, either without or with a post-processing 

scheme on the four datasets. 

 

4.5 Experiments and Results 

We carry out our experimental study for the following scenarios [43]: the related set of parameters 

on each method adapted for object detection was tuned to achieve the highest average F-score per 

dataset, measure the degree of improvement of each algorithm got measured with no post-processing 
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and combining a post-processing scheme. Given the most suitable parameters were determined, we 

set up the enhanced measures such as weighed Fβ, SSIM and (EAM along with MODA and MOC to 

evaluate the overall performance for ten algorithms combined with the existing post-processing 

schemes [39], [48], [131], [132], [193] and the proposed MTAP scheme; meanwhile, time complexity 

of three cases in addition to average CPU execution time, are also analyzed. Finally, the validity, 

efficiency, and accuracy of the proposed MTAP scheme on post-processing scheme, must be verified 

upon using the same set of ten algorithms [56], [67], [97], [104], [128], [145], [155], [173], [182], 

[195] for Tucson and Phoenix datasets, and substituting this set of algorithms with the other ten 

algorithms [1], [2], [5], [52], [59], [94], [130], [141], [153], [166] adapted for object detection on 

VIVID200 and VEDAI302 datasets. 

 

4.5.1 Ten Detection Algorithms with No Post-Processing 

We start with measuring performance of adapted ten algorithms without applying any post-

processing [43]: the Fβ -score (β2 = 0.3) and PASCAL measure were used to quantify performance 

of ten algorithms for VIVID200 and VEDAI302 datasets. For each algorithm without any post-

processing, we carefully tuned each set of their parameters to achieve the highest scores. A 

comparison on the average scores of two metrics on each algorithm in all the tested aerial frames 

was shown in Table 4.1 [43]: for the two datasets, the highest scores were found on HDCT, while 

the lowest scores appeared on LPT and on Wallis in VEDAI302 dataset. Due to the diversity in 

object size, image resolution and background clutter, each algorithm uniformly displays higher 

scores in VIVID200 dataset than those in VEDAI302 dataset when no post-processing was applied. 

Table 4.1. Initial Fβ score and PASCAL: ten algorithms with no post-processing in VIVID200 and 

VEDAI302 datasets 

Alg. 
VIVID200 Dataset VEDAI302 Dataset 

Fβ -score PASCAL Fβ -score PASCAL 

HWT 0.388 0.299 0.014 0.011 

SR 0.221 0.170 0.054 0.041 

SIM 0.189 0.146 0.016 0.012 

SDSP 0.084 0.065 0.021 0.016 

LPT 0.033 0.025 0.004 0.003 

MMA 0.358 0.276 0.008 0.006 

Duda 0.350 0.293 0.016 0.012 

Wallis 0.242 0.186 0.004 0.003 

CIS 0.551 0.424 0.073 0.056 

HDCT 0.718 0.663 0.149 0.115 
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4.5.2 Average F-score Comparison and Classified Detections: Ten Algorithms with Post-

Processing Schemes 

In our prior work of [48], the average F-score was tested on VMO-based schemes [45], [130] 

combined with each of six post-processing schemes. The second test was simplified as follows [43]: 

we present our performance evaluation on ten algorithms each combined with five post-processing 

schemes, and show analysis on the average F-score for two datasets; we use average F-score as the 

evaluation metric to measure the degree of improvements for each of the ten object detection 

algorithms combined with the SIVP scheme in [48] and the proposed MTAP scheme [43] in contrast 

to the same algorithm with no post-processing. In Table 4.2 and the subsequent tables, we mark the 

fiving existing post-processing schemes as M1 to M5, respectively, and the MTAP scheme as M6. 

Table 4.2 displays the average F-score of our study on ten detection algorithms each combined 

with four post-processing schemes [48], [131], [132], [193] and the proposed MTAP scheme [43]. 

In row comparison, the highest numeric on post-processing scheme per dataset got bold-faced [43]: 

in VIVID200 dataset, the proposed MTAP scheme shows the highest scores for the nine out of the 

ten algorithms (except for SDSP) after post-processing; in VEDAI302 dataset, our scheme displays 

highest scores for eight out of ten algorithms (except for SIM and LPT) after post-processing. The 

SIVP scheme [48] stands for the second-best post-processing scheme for both datasets. 

Table 4.2. Average F-score: ten algorithms with five post-processing schemes for VIVID200 (VIVID) and 

VEDAI302 (VEDAI) datasets 

   Post-Proc. / 

Dataset 

Alg. 

Method 1 (M1): 

Filtered Dilation 

Method 2 (M2): 

Heuristic Filtering 

Method 3 (M3): 

SIVP Scheme 

Method 4 (M4): 

Sieving and Opening 

Method 6 (M6): 

MTAP Scheme 

VIVID VEDAI VIVID VEDAI VIVID VEDAI VIVID VEDAI VIVID VEDAI 

HWT 0.615 0.552 0.593 0.536 0.603 0.545 0.507 0.481 0.715 0.647 

SR 0.416 0.372 0.332 0.276 0.442 0.384 0.031 0.025 0.480 0.417 

SIM 0.385 0.340 0.399 0.208 0.368 0.319  0.130 0.092 0.488 0.314 

SDSP 0.611 0.370 0.463 0.205 0.709 0.369 0.410 0.208 0.702 0.429 

LPT 0.613 0.411 0.484 N/A 0.587 0.401 0.467 0.125 0.725 0.389 

MMA 0.614 0.341 0.607 0.240 0.542 0.354 0.539 0.135 0.735 0.507 

Duda 0.569 0.425 0.532 0.283 0.765 0.398 0.481 0.245 0.913 0.452 

Wallis 0.485 0.356 0.497 0.261 0.658 0.364 0.417 0.196 0.742 0.370 

CIS 0.574 0.403 0.425 0.384 0.643 0.572 0.528 0.247 0.656 0.625 

HDCT 0.608 0.397 0.596 0.249 0.864 0.441 0.543 0.186 0.907 0.589 

 

Since all the average F-scores of ten algorithms got increased, the overall validity of the two post-

processing schemes [43], [48] can be justified on frame-based performance analysis on average F-
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score for ten algorithms before and after post-processing either with SIVP scheme [48] or the 

proposed (MTAP) scheme [43]. The mean and standard deviation of average F-score with 95% 

confidence intervals (CI) in three scenarios or each algorithm, were shown in Table 4.3, where the 

tight CI and small value of standard deviations prove validity of our approach [43]: in VIVID200 

dataset, the best improvement was found on Duda (from 0.350 to 0.898), while the least one was 

shown on CIS (from 0.602 to 0.645); the proposed MTAP scheme shows better increase on average 

F-score than those with the SIVP scheme for nine out of the ten algorithms (except for CIS); the 

MTAP scheme and SIVP scheme improved average F-score to higher than 0.6 for seven out of the 

ten algorithms (except for SR, SDSP and LPT). In VEDAI302 dataset, the highest increase on 

average F-score was found on MMA (from 0.012 to 0.597), while the lowest increase was shown on 

Wallis (from 0.009 to 0.346); the MTAP scheme shows better increment on average F-score than 

those with the SIVP scheme [48] for all ten algorithms except Wallis; meanwhile, only CIS displays 

a score of 0.614 after combining the MTAP scheme, while the average F-scores of all the other nine 

object detection algorithms are lower than 0.6 after applying any of the post-processings in our tests. 

Table 4.3. Performance analysis on average F-score: ten algorithms without or with selected post-processing 

schemes 

Alg. 

VIVID200 Dataset VEDAI302 Dataset 

No Post-

Processing 

M3: SIVP 

Scheme 

M6: Proposed 

MTAP Scheme 

No Post-

Processing 

M3: SIVP 

Scheme 

M6: Proposed 

MTAP Scheme 

HWT 
0.480 ± 0.016 

(Std. = 0.011) 

0.639 ± 0.008 

(Std. = 0.010) 

0.687 ± 0.005 

(Std. = 0.007) 

0.035 ± 0.006 

(Std. = 0.007) 

0.458 ± 0.010 

(Std. = 0.012) 

0.502 ± 0.007 

(Std. = 0.010) 

SR 
0.293 ± 0.014 

(Std. = 0.012) 

0.545 ± 0.014 

(Std. = 0.012) 

0.602 ± 0.009 

(Std. = 0.011) 

0.090 ± 0.007 

(Std. = 0.011) 

0.466 ± 0.007 

(Std. = 0.009) 

0.587 ± 0.010 

(Std. = 0.013) 

SIM 
0.258 ± 0.012 

(Std. = 0.013) 

0.687 ± 0.004 

(Std. = 0.006) 

0.706 ± 0.005 

(Std. = 0.007) 

0.030 ± 0.005 

(Std. = 0.004) 

0.465 ± 0.011 

(Std. = 0.014) 

0.479 ± 0.008 

(Std. = 0.011) 

SDSP 
0.126 ± 0.008 

(Std. = 0.009) 

0.456 ± 0.007 

(Std. = 0.009) 

0.521 ± 0.006 

(Std. = 0.008) 

0.045 ± 0.004 

(Std. = 0.006) 

0.352 ± 0.006 

(Std. = 0.008) 

0.521 ± 0.010 

(Std. = 0.012) 

LPT 
0.052 ± 0.006 

(Std. = 0.010) 

0.384 ± 0.008 

(Std. = 0.007) 

0.425 ± 0.009 

(Std. = 0.010) 

0.006 ± 0.001 

(Std. = 0.002) 

0.484 ± 0.007 

(Std. = 0.009) 

0.525 ± 0.006 

(Std. = 0.008) 

MMA 
0.464 ± 0.013 

(Std. = 0.009) 

0.628 ± 0.007 

(Std. = 0.009) 

0.667 ± 0.006 

(Std. = 0.008) 

0.012 ± 0.002 

(Std. = 0.003) 

0.439 ± 0.009 

(Std. = 0.012) 

0.597 ± 0.011 

(Std. = 0.009) 

Duda 
0.350 ± 0.010 

(Std. = 0.008) 

0.762 ± 0.013 

(Std. = 0.012) 

0.898 ± 0.017 

(Std. = 0.014) 

0.024 ± 0.003 

(Std. = 0.004) 

0.542 ± 0.013 

(Std. = 0.017) 

0.589 ± 0.016 

(Std. = 0.024) 

Wallis 
0.343 ± 0.011 

(Std. = 0.013) 

0.651 ± 0.010 

(Std. = 0.008) 

0.763 ± 0.011 

(Std. = 0.012) 

0.009 ± 0.002 

(Std. = 0.003) 

0.351 ± 0.012 

(Std. = 0.008) 

0.346 ± 0.017 

(Std. = 0.014) 

CIS 
0.602 ± 0.015 

(Std. = 0.012) 

0.649 ± 0.010 

(Std. = 0.013) 

0.645 ± 0.012 

(Std. = 0.010) 

0.137 ± 0.006 

(Std. = 0.008) 

0.559 ± 0.013 

(Std. = 0.012) 

0.614 ± 0.016 

(Std. = 0.019) 

HDCT 
0.826 ± 0.023 

(Std. = 0.018) 

0.853 ± 0.017 

(Std. = 0.014) 

0.894 ± 0.016 

(Std. = 0.013) 

0.230 ± 0.008 

(Std. = 0.011) 

0.437 ± 0.016 

(Std. = 0.015) 

0.584 ± 0.012 

(Std. = 0.018) 
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Table 4.4 displays quantitative results of each algorithm [56], [67], [97], [104], [128], [145], [155], 

[173], [182], [195] before and after combining either the SIVP scheme (M3) in [48] or the proposed 

MTAP scheme (M6) which got presented in Table 4.2. We merged the classified detections on two aerial 

datasets for the same algorithm before or applying a post-processing scheme, where the notations of 

“Initial” in Table 4.4, refers to an algorithm without any post-processing. 

Table 4.4. Classification of detections for ten algorithms: without post-processing or combined with scheme in 

[9] or the proposed scheme. When using the same approach, count of objects on VIVID200 and VEDAI302 

datasets are merged for the convenience of calculation. 

Alg. Scheme 
Counts of Classified Detections 

Alg. Scheme 
Counts of Classified Detections 

TP S M FN FP TP S M FN FP 

HWT 

Initial 1786 4963 1 339 9507 

MMA 

Initial 1966 5286 10 150 16806 

M3 1529 514 16 581 1633 M3 1838 96 76 212 4281 

M6 1632 348 27 467 1140 M6 1824 75 91 211 2025 

SR 

Initial 1816 46 207 103 7181 

Duda 

Initial 1914 433 104 108 6497 

M3 1625 1 89 412 4265 M3 1789 28 210 127 2443 

M6 1598 46 128 400 3352 M6 1826 37 169 131 1569 

SIM 

Initial 1731 755 9 386 12164 

Wallis 

Origin 1991 3568 28 107 32260 

M3 1642 126 17 467 5716 M3 1794 146 115 217 2965 

M6 1471 89 258 397 4008 M6 1840 78 96 190 2521 

SDSP 

Initial 1480 2691 220 426 16867 

CIS 

Initial 1713 464 25 388 11288 

M3 1328 136 254 544 1718 M3 1605 23 87 434 1618 

M6 1291 201 161 674 1332 M6 1597 26 132 397 1809 

LPT 

Initial 1155 3560 948 23 41683 

HDCT 

Initial 1510 3 127 489 2887 

M3 1088 145 954 84 2180 M3 1426 5 164 536 1048 

M6 1084 126 945 97 1859 M6 1435 2 150 541 456 

 

Regarding the ten algorithms combined with the SIVP scheme (M3) [48], MMA and Wallis display 

the highest and second highest TP counts; regarding all the algorithms with the proposed MTAP scheme 

(M6), Wallis and Duda show the highest and second highest TP counts. LPT displays lowest TP counts 

after using the proposed MTAP scheme (M6), while the second lowest TP counts was also found on LPT 

with the SIVP scheme (M3). Regarding the FN counts, LPT and Duda show the smallest and second 

smallest counts on objects after post-processing. For all ten algorithms using either of the two post-

processing schemes, all their FP counts got highly reduced. The highest reduction was found in LPT with 

the proposed MTAP scheme (from 41683 to 1859, 95.5% decrease), while the lowest FP count (456) was 
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found in HDCT with the proposed MTAP scheme (M6), indicating best outcome on false detection. 

Among algorithms applied with the same post-processing scheme, the least improvements were both 

found in SR. Meanwhile, except for SR and HDCT, the SIVP scheme (M3) and the MTAP scheme (M6) 

both reduced Splits (S) for the other eight detection algorithms. However, the penalty cost of applying 

post-processing was observed when converting a small portion of TPs to Merges and FNs. We conclude 

that among various object detection algorithms, validity and efficiency of the SIVP scheme (M3) and the 

MTAP scheme (M6), display some similarity on performance. Higher number of TPs and lower number 

of FNs and FPs persist in VIVID200 dataset than those outputs in VEDAI302 dataset, which is resulted 

from the complexity scenes in multiple aerial videos. We haven’t observed any study on the variations 

between public and self-collected datasets, which can be verified after analyzing the complexity of post-

processing via two other self-collected datasets. 

 

4.5.3 Performance on Enhanced Evaluation Metrics: ten algorithms combined with two set of post-

processings. 

In this subsection, we apply the set of enhanced measures such as the weighted Fβ measure (Fbw) [96], 

the structural similarity measure (SSIM or S-measure) [35] and the enhanced alignment measure (EAM 

or E-measure) [33] to three popular Meta-measures: 1) application ranking, 2) the state-of-the-art (SOTA) 

versus generic maps, and 3) ground-truth (GT) switch [35], [96]. Regarding basic IR metrics and CLEAR 

metrics [39], [65], [105], PASCAL measure [96] on binary map evaluation was preserved for comparison, 

which has the same expression as Jaccard Index (JI) or IOU [35]; PWC, MODA and MOC were used to 

measure validity and efficiency on the SIVP scheme (M3) and the MTAP scheme (M6) for each algorithm. 

Regarding the set of enhanced measures, quantitative performance of ten algorithms combined with post-

processings such as the SIVP scheme (M3) and the MTAP scheme (M6) are tabulated in Table 4.5 and 

Table 4.6, respectively, where the classified detections are based on the merged two datasets. 

In Table 4.5, we conclude that the best two scores were displayed in HDCT and CIS, while the worst 

scores was found in LPT. For eight algorithms (except for SIM and CIS), the E-measure may represent 

the best scores over three meta-measures after post-processed by the SIVP scheme (M3) [48]. 

Table 4.6 shows that the best two scores were displayed in HDCT and CIS, while the worst scores 
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were found in LPT [43]: the EAM measure presents the best scores over three meta-measures for eight 

algorithms (except for SIM and CIS) after post-processed by the SIVP scheme (M3). Meanwhile, the 

best two scores were displayed in HDCT and Duda, while the worst scores were also shown in LPT; 

meanwhile, the E-measure presents the best scores over three meta-measures for nine algorithms (except 

for CIS) after post-processed by the proposed MTAP scheme (M6). 

Table 4.5. Quantitative scores with the enhanced metrics on Meta-Measures (MM): ten algorithms each 

combined with the SIVP scheme (M3) in [48]. The best results are highlighted in bold. 

 
HWT SR SIM SDSP LPT 

MM1 MM2 MM3 MM1 MM2 MM3 MM1 MM2 MM3 MM1 MM2 MM3 MM1 MM2 MM3 

JI/IOU 0.409 16.3% 13.4% 0.258 9.94% 12.6% 0.210 4.19% 3.88% 0.370 11.6% 8.54% 0.325 12.9% 10.7% 

Fbw 0.422 12.1% 10.2% 0.271 10.8% 9.76% 0.216 3.91% 3.27% 0.384 6.62% 6.03% 0.339 9.83% 8.12% 

SSIM 0.435 5.08% 0.00% 0.276 8.03% 0.00% 0.215 2.24% 0.00% 0.391 5.01% 0.00% 0.360 9.15% 0.00% 

EAM 0.343 4.46% 0% 0.235 3.05% 0% 0.169 2.53% 0% 0.332 4.86% 0% 0.264 7.28% 0% 

 
MMA Duda Wallis CIS HDCT 

MM1 MM2 MM3 MM1 MM2 MM3 MM1 MM2 MM3 MM1 MM2 MM3 MM1 MM2 MM3 

JI/IOU 0.290 8.12% 6.48% 0.410 11.5% 9.21% 0.361 10.5% 8.41% 0.439 6.62% 4.01% 0.474 3.43% 1.94% 

Fbw 0.298 4.49% 5.39% 0.416 8.27% 7.35% 0.368 9.42% 6.58% 0.443 3.89% 3.12% 0.479 2.96% 1.59% 

SSIM 0.319 3.20% 0.00% 0.423 1.74% 0.00% 0.375 3.28% 0.00% 0.456 2.61% 0.00% 0.480 1.85% 0.00% 

EAM 0.263 3.16% 0% 0.338 1.62% 0% 0.326 2.87% 0% 0.374 2.73% 0% 0.412 1.49% 0% 

 

Table 4.6. Quantitative scores with the enhanced metrics on Meta-Measures (MM): ten algorithms each 

combined with the proposed MTAP scheme (M6) [43]. The best results are highlighted in bold. 

 
HWT SR SIM SDSP LPT 

MM1 MM2 MM3 MM1 MM2 MM3 MM1 MM2 MM3 MM1 MM2 MM3 MM1 MM2 MM3 

JI/IOU 0.504 14.1% 11.5% 0.299 8.35% 11.7% 0.250 4.97% 4.68% 0.392 11.8% 8.87% 0.295 13.2% 11.5% 

Fbw 0.517 11.9% 8.72% 0.304 7.87% 7.06% 0.261 3.85% 3.21% 0.398 7.04% 6.36% 0.304 10.3% 8.34% 

SSIM 0.543 4.45% 0.00% 0.312 6.89% 0.00% 0.277 3.06% 0.00% 0.405 5.42% 0.00% 0.326 9.08% 0.00% 

EAM 0.412 3.71% 0% 0.228 2.75% 0% 0.162 2.17% 0% 0.321 4.37% 0% 0.248 7.14% 0% 

 
MMA Duda Wallis CIS HDCT 

MM1 MM2 MM3 MM1 MM2 MM3 MM1 MM2 MM3 MM1 MM2 MM3 MM1 MM2 MM3 

JI/IOU 0.449 7.18% 6.75% 0.518 10.6% 8.49% 0.404 9.62% 8.19% 0.420 7.05% 4.17% 0.590 2.96% 2.58% 

Fbw 0.463 6.64% 4.96% 0.542 7.42% 6.58% 0.415 8.73% 6.12% 0.428 4.23% 3.29% 0.607 2.40% 1.46% 

SSIM 0.467 4.85% 0.00% 0.540 2.16% 0.00% 0.426 2.77% 0.00% 0.445 2.57% 0.00% 0.605 1.82% 0.00% 

EAM 0.404 3.69% 0% 0.471 1.59% 0% 0.316 2.69% 0% 0.366 2.84% 0% 0.396 1.45% 0% 

 

The concluding remarks between Table 4.5 and Table 4.6 are stated as follows [43]: comparing each 
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set of scores per algorithm, the set of enhanced measures comprehensively indicates better results for the 

seven algorithms (except for HWT, MMA and Duda) using the proposed MTAP scheme (M6) on post-

processing than those combined with the SIVP scheme (M3). We did not apply the meta-metrics such as 

the-state-of-the-art versus random noise and human ranking [33] as well as annotation errors [35], which 

is because there is neither random noise nor manually added datasets got involved in our experiments. In 

contrast to the quantitative results on all the three reliable meta-measures in [35], it shows coincidence 

that in general cases, the lower mis-ranking rate occurs, the better measurement of foreground map 

appears on the detected foreground objects. 

Regarding the performance evaluation metric on percentage of wrong classification (PWC) with mean 

and 95% CI, we presented quantitative analysis of the ten detection algorithms [56], [67], [97], [104], 

[128], [145], [155], [173], [182], [195] before and after using a post-processing scheme, where Table 4.7 

displays the numeric scores in both VIVID200 and VEDAI302 datasets [43]. 

Table 4.7. Comparison on PWC: ten algorithms before and after applying two schemes voted for post-

processing. 

Alg. 
PWC % / VIVID200 Dataset  PWC % / VEDAI302 Dataset 

No Post-Proc. SIVP Scheme [48] MTAP Scheme [43] 

 

No Post-Proc. SIVP Scheme [48] MTAP Scheme [43] 

HWT 70.65 ± 0.61 56.83 ± 0.89 44.61 ± 0.72 94.63 ± 0.48 72.43 ± 1.03 65.98 ± 1.10 

SR 82.04 ± 0.73 71.62 ± 0.76 68.13 ± 0.68 91.72 ± 0.56 76.39 ± 1.01 73.32 ± 1.02 

SIM 85.72 ± 0.87 77.45 ± 0.94 67.49 ± 1.02 97.43 ± 0.46 81.26 ± 1.05 81.69 ± 0.78 

SDSP 85.97 ± 0.81 45.01 ± 1.05 45.86 ± 1.13 95.68 ± 0.82 77.38 ± 0.94 72.87 ± 0.69 

LPT 96.61 ± 0.35 58.47 ± 0.87 43.25 ± 0.90 99.01 ± 0.43 74.28 ± 0.78 76.04 ± 0.75 

MMA 84.41 ± 0.88 62.98 ± 0.97 41.90 ± 0.78 98.54 ± 0.72 78.55 ± 1.16 66.42 ± 1.23 

Duda 67.26 ± 0.84 38.06 ± 0.98 16.56 ± 0.97 93.33 ± 0.58 75.86 ± 1.05 71.67 ± 1.04 

Wallis 89.10 ± 1.55 52.07 ± 0.82 41.27 ± 1.21 99.20 ± 0.71 77.27 ± 0.94 77.53 ± 0.54 

CIS 61.36 ± 0.58 52.61 ± 1.13 51.02 ± 0.76 92.05 ± 0.69 59.90 ± 0.89 54.61 ± 0.71 

HDCT 57.10 ± 1.25 23.79 ± 1.17 17.33 ± 1.24 87.16 ± 0.54 71.62 ± 1.06 58.70 ± 0.68 

 

From Table 4.7, the best two algorithms after post-processing were observed on Duda and HDCT in 

VIVID200 dataset. Comparing all PWC scores, the largest improvement was found Duda with the MTAP 

scheme, while the smallest improvement was shown on SIM with M3, where PWC was reduced from 

85.72% to 77.45%. Applying the proposed MTAP scheme on post-processing, PWC scores on seven out 

of the ten algorithms (except for SR, SIM and CIS) got reduced to below 50%; Applying the SIVP scheme 
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[48], only SDSP, Duda and HDCT display with their improved PWC scores of lower than 50%. In VIVID 

dataset, the best post-processing results by our MTAP scheme were founded on CIS and HDCT. However, 

when post-processed by either the SIVP scheme [48] or the proposed MTAP scheme [43], none of the 

PWC scores among ten algorithms reduced to below 50%. For the improvement on PWC scores, better 

scores uniformly appeared in VIVID200 dataset than in VEDAI302 dataset after post-processing. Except 

for SDSP in VIVID200 dataset as well as SIM, LPT and Wallis in VEDAI302 dataset, the proposed 

MTAP scheme [43] shows better scores than the SIVP scheme in [48] after being associated with any 

other object detection algorithms. 

Given that MODA and MOC of the CLEAR metric [65] were adopted to measure quantitative scores 

on ten algorithms before and after post-processing, each of their numerical values are presented in Table 

4.8, which conducts a similar performance analysis as of Table 4.7 [43]. 

Table 4.8. MODA and MOC in the CLEAR Metric: ten algorithms before and after combining with M3 or M6. 

Metric 
     Alg. 

Scheme 

VIVID200 Dataset 

HWT SR SIM SDSP LPT MMA Duda Wallis CIS HDCT 

MODA 

No Post-Proc. 
-0.905 

± 0.042 

-3.851 

± 0.087 

-4.613 

± 0.092 

-10.67 

± 0.18 

-26.79 

± 0.24 

-1.557 

± 0.062 

-1.001 

± 0.054 

-3.224 

± 0.158 

-0.702 

± 0.063 

-0.328 

± 0.039 

M3: SIVP Scheme 
-0.318 

± 0.024 

-1.515 

± 0.018 

-2.189 

± 0.061 

0.147 

± 0.016 

-0.293 

± 0.024 

-0.676 

± 0.038 

0.385 

± 0.027 

-0.082 

± 0.033 

-0.106 

± 0.029 

0.670 

± 0.035 

M6: MTAP Scheme 
0.174 

± 0.021 

-1.162 

± 0.029 

-1.052 

± 0.037 

0.122 

± 0.028 

0.172 

± 0.035 

0.270 

± 0.010 

0.810 

± 0.009 

0.293 

± 0.016 

-0.048 

± 0.012 

0.773 

± 0.054 

MOC 

No Post-Proc. -0.909 -3.848 -4.608 -10.69 -26.67 -1.557 -0.998 -3.218 -0.697 -0.331 

M3: SIVP Scheme -0.317 -1.516 -2.187 0.145 -0.291 -0.674 0.386 -0.083 -0.105 0.668 

M6: Proposed 0.173 -1.160 -1.049 0.122 0.171 0.272 0.809 0.294 -0.047 0.774 

Metric 
     Alg. 

Scheme 

VEDAI302 Dataset 

HWT SR SIM SDSP LPT MMA Duda Wallis CIS HDCT 

MODA 

No Post-Proc. 
-75.48 

± 1.06 

-15.23 

± 0.43 

-58.63 

± 0.86 

-37.03 

± 0.68 

-97.43 

± 0.92 

-142.0 

± 2.4 

-64.23 

± 1.02 

-284.7 

± 2.05 

-9.602 

± 0.316 

-1.997 

± 0.083 

M3: SIVP Scheme 
-0.551 

± 0.042 

-1.513 

± 0.094 

-2.102 

± 0.115 

-1.350 

± 0.082 

-0.666 

± 0.051 

-2.285 

± 0.126 

-1.579 

± 0.102 

-2.254 

± 0.128 

-0.312 

± 0.025 

-0.597 

± 0.056 

M6: MTAP Scheme 
-0.273 

± 0.030 

-1.229 

± 0.087 

-2.168 

± 0.133 

-0.923 

± 0.088 

-0.718 

± 0.063 

-0.816 

± 0.104 

-1.190 

± 0.093 

-2.174 

± 0.119 

-0.126 

± 0.032 

-0.153 

± 0.027 

MOC 

No Post-Proc. -75.77 -15.08 -58.49 -36.92 -97.32 -143.4 -63.99 -284.3 -9.587 -1.996 

M3: SIVP Scheme -0.552 -1.512 -2.101 -1.352 -0.664 -2.285 -1.578 -2.253 -0.311 -0.598 

M6: MTAP Scheme -0.272 -1.229 -2.166 -0.928 -0.716 -0.815 -1.188 -2.172 -0.125 -0.154 
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From Table 4.8, we justify that in VIVID200 dataset, when post-processing by the proposed MTAP 

scheme (M6), Duda shows highest MODA and the best improvement, while SIM displays lowest MODA 

and the least improvement after post-processing; when post-processed by the SIVP scheme (M3), HDCT 

shows highest MODA and the best improvement, while SIM displays lowest MODA and the least 

improvement. In VEDAI302 dataset, when post-processing by the proposed MTAP scheme (M6), CIS 

displays highest MODA and the most significant improvement, while the MODA scores of Wallis 

represents the lowest, suggesting the least improvement; when post-processed by the SIVP scheme (M3), 

CIS also displays highest MODA and the best improvement, while MMA indicate lowest MODA and the 

least improvement. Checking the MOC index of each algorithm before and after combining with a post-

processing scheme, we justify that each score displays close coincidence with their respective mean of 

MODA, demonstrating both validity and accuracy of our inference. 

 

4.5.4 Visual Comparison on Detection Performance 

Visual comparison is depicted in Fig. 4.2, where the subimages with size of 256 × 256 pixels from the 

100th frame in VIVID200 dataset and the 28th frame in VEDAI302 dataset were used, because each 

subimage comprises the largest number of vehicles in one region [43]: we permuted the detected objects 

from each algorithm in ten columns, zoomed in their size and bounded them in color, while the white 

labels in the last column display their ground truth. Efficient removal of FPs can be observed from the 

result columns after combining with either M3 (SIVP) or M6 (MTAP) on post-processing for the ten 

object detection algorithms in contrast to each algorithm without applying any post-processing. 

 

4.5.5 Computational Efficiency and Complexity Analysis 

Computational efficiency of each algorithm combined with their optimal post-processing scheme were 

evaluated for the two publicly available aerial datasets VIVID200 and VEDAI302. Experiments were 

conducted in the software platform of MATLAB R2019b running on a Dell laptop with Intel Core i7-

8500U 1.80G CPU and 16GB RAM. Table 4.9 shows the average CPU executing time in seconds (s) per 

frame with size of 640 × 480 in VIVID200 dataset and size of 1024 × 1024 in VEDAI302 dataset for 

each algorithm [43]: SR runs the fastest, while Wallis displays the most time-consuming results among 
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the ten algorithms which we adapted for automatically detecting aerial objects. Regarding the same 

algorithm after applying post-processing, seven out of the ten object detection algorithms (except for SR, 

MMA and Duda) displayed less CPU execution time when combining the proposed MTAP scheme (M6) 

than the same algorithm combining with the SIVP scheme (M3). 

 
Figure 4.2. Visual comparison on ten object detection algorithms each post-processed by the SIVP scheme [48] 

and the proposed MTAP scheme, rows (a)-(c) for VIVID200 dataset, rows (d)-(f) for VEDAI302 dataset: (a), (d) 

No post-processing; (b), (e) post-processed by SIVP scheme in [48]; (c), (f) post-processed by the proposed 

MTAP scheme. Ground truth (GT) objects are depicted in the last column. 

Table 4.9. Comparison on average CPU execution time / seconds (s) per frame for ten object detection 

algorithms combined with selected post-processing schemes. 

 HWT SR SIM SDSP LPT MMA Duda Wallis CIS HDCT 

No Post-Proc. 4.22 1.50 7.66 3.51 8.46 7.24 4.62 37.4 10.6 21.1 

SIVP Scheme (M3) 3.06 1.24 5.73 2.87 5.18 4.99 3.17 7.98 7.46 9.94 

MTAP Scheme (M6) 2.05 1.38 4.61 2.49 3.78 5.06 3.33 7.30 6.51 7.97 

 

We conducted an estimation on the computational complexity on seven post-processing scheme and 
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the proposed MTAP scheme as below [43]: median filter demands a time complexity of O(n), the opening 

and closing operations need 2*O(n), applying the linear Gaussian filter and NMS require O(n2); since we 

perform serial processing in MTAP scheme, the total complexity is marked as O(n2) + 3O(n). Note that 

n refers to an input of size n, hence, the time complexity of a linear time algorithm is denoted as one with 

O(n), an algorithm taking logarithmic time (i.e., binary search) is marked as O(logn), while a polynomial 

algorithm is denoted as one with O(nα) for some constant α > 1 [209]. Most notably, when one stage of 

an algorithm is bounded by a value independent from the size of the input, it is marked as constant time 

(where its complexity is written as O(1)). Similarly, we calculated the time complexity of six existing 

schemes on post-processing and tabulated the results in Table 4.10. Our MTAP scheme shows the highest 

speed-up ratio with respect to time, while the SIVP scheme displays the second-best speed-up ratio even 

if it indicates relative higher time cost on post-processing. 

Table 4.10. Evaluation of complexity cost on seven post-processing schemes and the proposed MTAP scheme 

 
Filtered 

Dilation 

Heuristic 

Filtering 

Filtering by 

Shape 

Index 

Sieving and 

Opening 

Sieving and 

Closing 

SIVP 

Scheme 

Spatio-

Temporal 

Processing 

Proposed 

MTAP 

Scheme 

Time Complexity 

of Algorithm 

2O(n) + 
O(1) 

3O(logn) 
O(n3) + 

O(n) 
O(n2) + 

O(n) 
O(n2) + 

O(n) 

O(n3) + 
O(n2) + 
4O(n) 

2O(n2) 
+ 4O(n) 
+ O(1) 

O(n2) + 
3O(n) 

Average Speed-

Up to Initial 
3.12 2.52 1.63 1.90 2.85 3.39 3.01 3.87 

 

4.5.6. Verification on Alternative Algorithms and Datasets 

We designed a verification procedure in the last stage of our experiments [43]: without loss of the 

concern of generality, two self-collected datasets (Tucson and Phoenix) were used for performance 

evaluation on the same ten algorithms before and after combining post-processing as presented in prior 

work, then we replaced ten object detection algorithms on VIVID200 and VEDAI302 datasets to conduct 

similar performance verification. 

The two set of experiments for performance verification are designed as follows [43]: i) Two self-

collected aerial datasets (Tucson and Phoenix, as specified in Chapter 3) are reused for alternative tests 

when replacing VIVID200 and VEDAI302. The selected post-processing schemes improve combined 

results on the same ten algorithms [56], [67], [97], [104], [128], [145], [155], [173], [182], [195] were 
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evaluated; ii) Ten alternative algorithms previously adapted from [1], [2], [5], [52], [59], [94], [130], 

[141], [153], [166], were chosen to measure the improved performance of aerial vehicle detection before 

and after applying post-processing on VIVID200 and VEDAI302. 

The performance of the same ten algorithms before and after combining with our proposed MTAP 

scheme on the merged datasets (Tucson and Phoenix), were displayed in Table 4.11 [43]: with respect to 

the classified detection outputs, we apply F-score (F1) and Jaccard Index (JI) as the evaluation metrics, 

where HDCT shows the best results, SIM displays the lowest scores and smallest increment. 

Table 4.11. Performance analysis of ten algorithms before and after combining with the proposed post-

processing on merged datasets (Tucson and Phoenix) 

       Metrics 

Alg. 
TP S M FN FP F1 JI 

HWT 
Before 6426 3208 367 1279 21077 0.364 0.223 

After 5872 210 678 1522 4528 0.660 0.493 

SR 
Before 5726 637 994 1352 21805 0.329 0.198 

After 5108 362 1315 1649 8179 0.510 0.342 

SIM 
Before 4735 318 1668 1669 20123 0.301 0.179 

After 4024 47 2295 1753 6631 0.489 0.324 

SDSP 
Before 4572 1455 709 2791 38967 0.234 0.099 

After 4069 110 518 3485 3077 0.554 0.383 

LPT 
Before 6264 2115 252 1556 18039 0.390 0.242 

After 5879 76 284 1909 1581 0.771 0.628 

MMA 
Before 6600 2357 650 822 10611 0.536 0.366 

After 5893 86 987 1192 1283 0.827 0.713 

Duda 
Before 6984 3847 147 941 33590 0.288 0.168 

After 6563 329 349 1160 8112 0.586 0.415 

Wallis 
Before 6106 1098 892 1074 17708 0.394 0.246 

After 5823 42 1028 1221 1384 0.817 0.691 

CIS 
Before 6572 590 257 1243 7593 0.598 0.427 

After 6128 43 462 1482 1942 0.782 0.642 

HDCT 
Before 7108 481 162 802 7125 0.642 0.473 

After 6754 230 325 993 1126 0.865 0.837 
 

To confirm the validity and accuracy of our proposed MTAP scheme on post-processing, we replaced 

these object detection algorithms with the ten algorithms adapted from [1], [2], [5], [52], [59], [94], [130], 

[141], [153], [166] on the merged datasets (VIVID200 and VEDAI302), where quantitative results are 
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presented in Table 4.12 [43]: for the ten alternative algorithms on object detection in low-resolution wide-

area aerial imagery, the proposed MTAP scheme improved both F-score and Jaccard Index (JI) for all ten 

methods. the highest improvement was found on VMO, the best score was found on JNB while the lowest 

score was shown on FICA when applying post-processing. In retrospect to the two parts of detection 

results for our verifications which may cross over algorithms and datasets, the validity, efficiency, and 

accuracy of proposed MTAP scheme for post-processing was proved through our experimental design. 

Table 4.12. Performance analysis of ten alternative algorithms before and after combining with proposed 

scheme on merged datasets (VIVID200 and VEDAI302) 

       Metrics 

Alg. 
TP S M FN FP F1 JI 

LC 
Before 1976 2656 25 125 82045 0.046 0.024 

After 1852 587 38 236 6058 0.371 0.227 

VMO 
Before 1988 6881 7 131 145623 0.027 0.013 

After 1879 592 58 189 4093 0.467 0.305 

FT 
Before 1777 2013 4 345 49111 0.067 0.035 

After 1621 325 68 437 4247 0.409 0.257 

MSS 
Before 1961 4603 110 55 303679 0.013 0.006 

After 1825 527 164 137 3920 0.474 0.310 

KFCM 
Before 1739 152 263 124 62041 0.053 0.027 

After 1642 117 305 179 5342 0.373 0.229 

FDE 
Before 1676 2185 7 443 23703 0.122 0.065 

After 1598 984 39 489 2678 0.502 0.335 

PAE 
Before 1897 5844 12 217 181337 0.021 0.010 

After 1724 643 96 306 9061 0.269 0.155 

TE 
Before 1898 2565 106 122 73556 0.049 0.025 

After 1672 308 254 200 6089 0.347 0.210 

FICA 
Before 1563 2724 0 563 87871 0.034 0.017 

After 1439 625 116 571 7567 0.261 0.150 

JNB 
Before 1748 724 53 353 29911 0.104 0.055 

After 1650 208 129 347 2434 0.543 0.372 
 

4.6 Discussions and Concluding Remarks 

In this chapter, we discussed the derivations and organization of our experimental design with 

the proposed MTAP scheme [43]. In contrast to the classical evaluation measures such as basic 

information retrieval [105] and CLEAR metrics [65], a set of enhanced measures such as weighted 
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Fβ measure [96], the structural similarity index measure (SSIM) [35] and the enhanced alignment 

measure (EAM) [33], were used for performance evaluation on object detection and classification 

in wide-area aerial imagery. Quantitative analysis on ten automatic object detection algorithms 

[56], [67], [97], [104], [128], [145], [155], [173], [182], [195] before and after combining with a 

post-processing scheme, were presented therein [43]: we leverage best overall average F-score as 

the evaluation metric to conduct performance evaluation on each algorithm with any of the five 

post-processing schemes [43], [45], [48], [131], [132] after measuring initial Fβ and PASCAL score 

for the ten algorithms without any post-processing. Two of the five post-processing schemes were 

chosen for our subsequent experiments: one is the three-stage SIVP scheme [48], which includes 

pre-sieving, thresholding on pixel area, and conditional sieving on objects with respect to the 

measure of compactness; the other is the MTAP scheme [43], which also comprises three stages 

such as median filtering, morphological opening and closing, followed by linear Gaussian filtering 

with non-maximum suppression. Except for SIM, SDSP and LPT, the proposed MTAP scheme 

shows higher average F-score than the SIVP scheme for VIVID200 and VEDAI302 datasets. We 

measure the difference of each algorithm before and after being post-processed by either the SIVP 

scheme [48] or the MTAP scheme [43]: their universal applicability, was indicated from reducing 

false detections (FP) and Splits (S) of classified detection outputs, while the penalty was shown 

by losing a small portion of correct detections (TP). Checking the quantitative scores on a few 

enhanced measures such as Jaccard Index (JI) and E-measure [33], the proposed MTAP scheme 

[43] performs better than the SIVP scheme [48] for seven out of ten algorithms (except for HWT, 

MMA and Duda). Applying classical measures such as PWC, MODA and MOC, when post-

processed by the proposed MTAP scheme, Duda and HDCT stand for the best two in VIVID200 

dataset, CIS and HDCT represents the best two in VEDAI302 dataset, while SIM shows poorest 

improvement on scores on both datasets. However, as evidenced by visual comparison of typical 

scene with largest number of objects in the same region, each algorithm shows better scores in 

VIVID200 than those in VEDAI302 after applying our post-processing. A comparison of average 

CPU execution time before and after post-processing was also established, where the outcome 
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indicates that comparing to the SIVP scheme [48], the proposed MTAP scheme [43], may demand 

less CPU execution time for seven algorithms (except for SR, MMA and Duda). Besides, when 

evaluating the complexity of algorithms and average speed-up comparing to initial execution time, 

the MTAP scheme achieved highest average speed-up with relatively less cost of algorithmic 

complexity. Finally, a verification test on performance analysis was designed using the same ten 

algorithms adapted from [56], [67], [97], [104], [128], [145], [155], [173], [182], [195], while 

using two previously used self-collected datasets (Tucson and Phoenix); and similarly, ten alternate 

object detection algorithms adapted from [1], [2], [5], [52], [59], [94], [130], [141], [153], [166] 

with both VIVID200 and VEDAI302 datasets, were implemented to quantify performance before 

and after combining each of the six post-processing schemes; our proposed experimental design 

along with the MTAP scheme [43] on post-processing, were demonstrated for validity, efficiency, 

and accuracy from combining both parts of verification experiments. 

Regarding the proposed MTAP scheme and our experimental design, limitations and possible 

weakness are summarized as follows [43]: i) our current study in Chapter 4 is short of applying 

purely machine learning based schemes on object detection and segmentation, i.e., foreground 

segmentation can be better achieved via convolutional neural network (CNN) based schemes on 

post-processing; meanwhile, some other challenging issues, lie on the absence of training data for 

raw and unregistered data and limited number of frames in each aerial datasets; ii) while the 

proposed scheme displayed highest speed-up on average CPU execution time and thereby reduced 

time complexity, PWC scores on VEDAI302 dataset remains relatively poor, which is because of 

lacking to take nonlinear patterns and background clutter and deep networks into account [36], 

[123], [138], [139], [143], [156], [172]; besides, most of the current post-processing schemes can 

be upgraded by using the common heuristics in planar domain, and exploiting both contextual 

information and inter-frame based filtering in temporal domain [125], [174], [175] to further 

eliminate FPs; in other words, all the involved post-processings were free of spatial correlations 

among frames in an aerial video dataset; iii) the inter-frame registration still remains a potential 

research topic upon handling unregistered frames, since we categorized the previously adapted 
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twenty algorithms [1], [2], [5], [52], [56], [59], [67], [94], [97], [104], [128], [130], [141], [145], 

[153], [155], [166], [173], [182], [195], as salient region detection and multi-scale representation 

stand for feature extraction based approaches, they are basically dependent with measures on 

grayscale intensity and geometry; and iv) larger scale of datasets may suggest booming cost of 

time, which calls for two set of possible solutions: for one thing, exploiting CNN and deep-learning 

based schemes [18], [22], [58], [64], [142], [150] on object detection and segmentation requires to 

meet some balance on accuracy and complexity; for another, since parallel computing scenarios 

may speed up the detection task, some GPU-based optimization strategies [38], [70], [184], will 

be taken into account when implementing the vehicle detection framework in our subsequent 

research plans. 

Due to the increased complexity, time cost and high demands on GPU support [48], [64], [70], 

[175], we may take further concerns on handling the time-efficiency and object detection accuracy 

[43]: when multi-class vehicles are involved, object detection and classification are demanding a 

lot more advanced technical tools to handle targets of various size in multi-resolution imagery [24], 

[37], [41], [49], [57], [63], [86], [91], [152], [172], [186]-[190],[192], [203]. On the other hand, 

the mainstream procedures of pre-training, semantic labeling, feature extraction upon applying 

deep convolutional neural network (DCNN), and segmenting background on scene to acquire 

detection outputs, represent a general system workflow of deep-learning based approaches [18], 

[22], [36], [58], [64], [124], [138], [139], [142] [143], [150], [156], [174], [175] on aerial vehicle 

detection, which also call for some collaborative work with reference to feature extraction-based 

algorithms, hybrid approaches, and several post-processing schemes as we proposed in [39], [40], 

[43]-[46], [48]. 

  



88 
 

 

 

CHAPTER 5: MULTI-CLASS DETECTION AND CLASSIFICATION ON SMALL 

OBJECTS USING AERIAL VIDEO DATASETS 

 

In this chapter, we discuss our research tasks and performance analysis of multi-class object 

detection and classification using aerial video datasets, where the definition of small objects, can 

be regarded as an object whose area (if measuring with a bounding box) only takes up less than 1% 

of an image [19], and those with the size of less than 32 × 32 pixels in widely recognized datasets 

such as VEDAI, DOTA, MS COCO, Potsdam, and Munich [19], [43], [133], [139], [152], [201]. 

In a variety of applications in remote sensing domain [39], [40], [44], [47], [48], [53], [112]-[114], 

[122], [167], [193], [196], detecting small objects in wide-area aerial imagery also represents a 

primary task: for instance, in low-resolution aerial datasets, small objects such as cars or trucks 

usually covers 20 to several hundred pixels in area, which renders the detection task in a sample 

aerial video rather difficult. In addition, a wide range of practical applications such as traffic 

management, visual surveillance, parking monitoring, military target strike and emergency rescue 

[39], [139], [152], demand accurate output from detecting small objects. Widely recognized as a 

special case for object detection, detecting small vehicles in aerial imagery meets with a few 

challenging issues such as dense, shadow, occlusion, and orientations [165]; meanwhile, it is rather 

difficult for recent algorithms to achieve perfect detection results, due to the model diversity, 

illumination change, low contrast, and low resolution [39]. Based on our previous study [39], [45], 

many conventional algorithms on object detection and segmentation generate high rate on false 

detections using low-resolution wide-area aerial video datasets on test, and the existing post-

processing schemes [131], [132], [137], [193] as well as our derived post-processing schemes [39], 

[43], [46], [48] have both advantages and weaknesses when improving quantitative detection 

results; hence, choosing an appropriate post-processing scheme for traditional and learning-based 

approaches is important in our research study. Our experimental design is oriented on a study of 

selecting post-processing schemes for each detection algorithm then voting the best three post-

processing schemes, which are applied to a two-stage machine learning method for further study. 
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5.1 Proposed Workflow 

When measuring the performance improvement on each of the post-processing schemes on an 

algorithm for multi-class object detection, the average F-score was used as a primary evaluation 

metric. For instance, since filtering by shape index (SI) [137] displays the least efficient post-

processing (showing lowest improvement on average F-score) as we verified it on four algorithms 

[52], [94], [153], [193], we use the proposed SIVP scheme [48] as an alternative scheme to filtering 

by SI [137] on the subsequent experiments. We implemented seven post-processing schemes, i.e., 

Filtered Dilation [131], Heuristic Filtering [132], Sieving and Opening [193], Sieving and Closing 

[39], [45], [47], the proposed SIVP scheme [48] and MTAP scheme [43] as well as the Spatial 

Processing scheme [46]. Each scheme was associated with any of the ten algorithms [1], [2], [5], 

[52], [59], [94], [130], [153], [166], [193] adapted for object detection, where all the aerial frames 

are selected for our test in two datasets (Tucson and Phoenix); after then, we count the votes on 

three post-processing schemes with respect to overall average F-scores (from high to low) for each 

algorithm. Two types of detection errors were classified for the two datasets: the first type includes 

false negative (FN or Miss) and false positive (FP), the second type includes Splits (S) or Merges 

(M). To verify both validity and efficiency of our proposed post-processing, we used a third dataset 

(named as online VEDAI) to evaluate the improvement of our post-processing [43], [47], [48] for 

each of the ten algorithms. In addition to these algorithms for vehicle detection, we adapted a two-

stage machine learning based approach from the tiramisu code [61] for semantic segmentation) to 

perform the classification task via one hundred-layer densely connected convolutional network 

(DenseNets), then apply the voted best three post-processing schemes [43], [47], [48] for further 

evaluation to justify an optimal selection. In our research study, we used MATLAB R2019b to 

implement our post-processing codes, some posterior tests are conducted using Python via Google 

Colab Pro, where the speed-up ratio on time cost for each algorithm are also evaluated; further 

performance analysis on finding optimal post-processing were also tested via MATLAB R2019b. 

Regarding our performance evaluation on post-processing, a pipeline of our proposed approach on 

handling the dataflow is depicted in Fig. 5.1, where mAP refers to mean Average Precision. 
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                                                                                     L      
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Figure 5.1. Pipeline of the proposed research study of multi-class object detection and classification. Labeled 

outputs of Type 1 represent detection results of using ten feature extraction algorithms followed by each of the 

seven post-processing schemes. Labeled outputs of Type 2 stand for an updated multi-stage learning approach 

(FC-DenseNet) with selected post-processing schemes. 

We conduct our experimental study using two sets of evaluation metrics: the basic information 

retrieval (IR) metrics [133] and the CLEAR metrics [65]. In addition to precision, recall, average 

F-score, and percentage of wrong classification (PWC) from basic IR metrics, the performance 

metrics of mAP and Accuracy on object detection were applied for machine learning, while we 

still inherited multiple object detection accuracy (MODA) and multiple object counts (MOC) from 

the CLEAR metrics for performance evaluation. Because the eight post-processing schemes (i.e., 

Sieving and Closing [39], Spatial Processing [40], MTAP scheme [43], SIVP scheme [48], Filtered 

Dilation [131], Heuristic Filtering [132], Filtering by SI [137], Sieving and Opening [193]) did not 

apply temporal analysis and the ten adapted algorithms [1], [2], [5], [52], [59], [94], [130], [153], 

[166], [193] lack spatial overlap information in both of the Merged dataset (Tucson and Phoenix) 

and online VEDAI, we did not adopt the metric of multiple object detection precision [65], which 

also considered the fairness of comparing each detection to the ground truth (GT) objects. 

Regarding our study on selecting post-processing schemes, major contributions are summarized 

in three manifolds as follows: 

i) For the ten image enhancement algorithms we adapted for object detection and seven post-

processing schemes, a few updated sets of experiments were designed to measure the degree of 
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performance improvement on post-processing, which include an investigation on any combination 

of each post-processing schemes associated with any of the ten algorithms, then voted the best 

three post-processing schemes using merged datasets (Tucson and Phoenix) and conducted 

verification on the third public available dataset (online VEDAI); the small objects refer to aerial 

vehicles of various types and shapes. 

ii) Given the fact that no spatial pixel connectivity exists among each frame in the larger scale 

aerial dataset which contains more than 1000 frames, i.e., online VEDAI, we adapted a two-stage 

learning approach from semantic image segmentation [61], updated its Python code by applying 

adjusted DenseNet to perform the classification task, where multi-class object detection accuracy 

and mean average precision (mAP) were used to conduct the quantitative analysis; the previously 

voted three schemes and our SIVP scheme [48] on post-processing, were applied to evaluate the 

improvement of detection accuracy on multi-class vehicles in the online VEDAI dataset, showing 

performance to prove viability and efficiency on small object detection. 

iii) In addition to the time saving plan of our performance analysis, some ablation study was 

conducted to measure the degree of improvements on detection performance; we tuned the optimal 

parameters on learning and adjusted the FC-DenseNet model to achieve highest accuracy in initial 

running (no post-processing), measured the mAP and speed-up in Google Colab Pro, then applied 

the selected post-processing when the multi-class vehicles are not only limited to small cars and 

trucks in online VEDAI; finally, the optimal post-processing scheme was justified on MTAP [43]. 

 

5.2 Technical Approach 

While the proposed SIVP scheme [48] showed highest performance improvement for VMO-based 

algorithm [130] in contrast to the each of the five post-processing schemes [47], [131], [132], [137], 

[193], and analyzed their advantages and weakness, however, a single method lacks persuasiveness 

due to potential questioning on its universal adaptability. The main ideas of our study are presented 

as follows: the first set of tests may set up performance analysis (a cross-participation of every ten 

algorithms [1], [2], [5], [52], [59], [94], [130], [153], [166], [193] combined with any of the seven 
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post-processing schemes [39], [43], [46], [48], [131], [132], [193]), then vote for the best three post-

processing schemes and validated by quantitative results via basic IR metrics and CLEAR metrics; 

the next set of tests may infer similar experimental study from [43] and [46], then jointly decide a 

post-processing scheme (best improvement, closest to optimal) from the voted three schemes and 

the other scheme (relatively better improvement) from the unvoted four post-processing schemes on 

small object detection in Tucson and Phoenix datasets (1st and 2nd aerial datasets); a third set of 

tests implemented the one hundred-layer tiramisu code using DenseNet [61] with their optimized 

parameters on learning for online VEDAI dataset (3rd aerial dataset) and employs our selected post-

processing schemes for verification. An optimal post-processing scheme should match either small 

or large-scale datasets, which is expected to perform well for both feature extraction-based methods 

and typical learning-based methods on multi-class small object detection from aerial imagery. 

Given the fact that the established fully convolutional (FC) DenseNet trained their models with 

neither extra data nor post-processing, we adapted this scheme by inheriting its initial learning rates, 

performed similar regularization [61], and then improve the global accuracy using our selected post-

processings. Meanwhile, we have studied some of the state-of-the art (SOTA) schemes on small 

object detection, where their advantages and weaknesses can be summarized as follows: Li et al. 

proposed an improved two-stage detector CANet based on faster R-CNN, which effectively enriched 

the context information and nonlocal information when detecting small objects [78], while they fail 

to report the time efficiency and the outcome of mean average precision (mAP) on their approach 

varies upon four datasets; the other VGG-16 based improvement for multi-object detection improved 

accuracy in two manually labeled datasets, however, the authors specified its limitations on more 

complex traffic scenes and suggested generative adversarial networks (GAN) as an alternative plan 

to solve this task [74]. The spatio-temporal ConvNet aims for video-based small object detection, it 

might not be suitable for limited number of small objects or very large-scale datasets when each 

frame needs independent manual annotations [12]; similar issues was also skipped by Wang and 

Gu’s framework [157] on small target detection when combining the feature-balanced pyramid 

network (FBPN) with faster region-based convolutional neural networks (RCNN). Despite that a 
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variety of deep CNN based strategies were combined to find a better solution to the task of small-

object detection [16], [98], [119], some explicit defects on missing any post-processing module, still 

exist for aerial datasets of arbitrary scale and resolutions. Since all the grayscale frames in the online 

VEDAI dataset are mutually independent on spatial pixel connectivity among frames, and our prior 

manual segmentation was posed on raw image data in Tucson and Phoenix datasets, we are unable 

to apply the dual-threshold test on temporal analysis [46] for any of the three aerial datasets. Hence, 

all the eight post-processing schemes [43], [45]-[48], [131], [132], [137], [193] applied for this set 

of study, are restricted in spatial domain for each frame per dataset. 

 

5.3 Datasets 

Two low-resolution aerial videos (spatial resolution: 720 × 480 pixels per frame) were obtained 

from a camcorder in a helicopter tracking the single-direction traffic flow at East Speedway Blvd. in 

Tucson and I-10 freeway near Phoenix. We took the first 100 unregistered frames in each video to 

serve as our self-collected datasets for performance analysis of all the ten algorithms [1], [2], [5], 

[52], [59], [94], [130], [153], [166], [193] associated with any of the four existing post-processing 

schemes [131], [132], [137], [193], Sieving and Closing [39], [45], the SIVP scheme [48], the MTAP 

scheme [43], and the Spatial Processing scheme [40], [46]. We manually segmented these vehicles 

as approximate rectangle regions in arbitrary orientations, and the total number of ground truth (GT) 

vehicles is 8072 (4012 in Tucson dataset and 4060 in Phoenix dataset) in all sample frames on tests. 

In our merged dataset, the size of vehicle area is distributed from 20 to 175 pixels. Automatic vehicle 

detections from any combination of algorithms without or with a specific post-processing scheme 

are compared with the GT vehicles in each frame. 

The online VEDAI [127] was regarded a large-scale aerial dataset (spatial resolution: 512 × 512 

pixels per frame), which is publicly available, comprising 9 classes of objects and our study only 

focus on small size traffic vehicles such as cars, pickups, tractors, camping cars, trucks, and vans 

[157]. This dataset contains 1246 images with a total of 3600 instances across these six classes [127]. 

We randomly chose 80:2:98% of the frames on training and the rest 20:2:2% on testing. 



94 
 

 

 

 

5.4 Experiments and Results 

 We applied the ten algorithms that were previously adapted on detecting small cars or trucks from 

local roadway at UA campus or I-10 freeway in Arizona. The wide-area aerial frames in the merged 

dataset were snapshotted from two sample aerial videos. Our ten algorithms include the localization 

contrast model (LC) [94], the variational minimax optimization (VMO) based algorithm [130], the 

frequency toned-(FT) approach [2], maximum symmetric surround saliency (MSSS) [1], the kernel-

based fuzzy c-means (KFCM) and Chan-Vese (CV) model [166], feature density estimation (FDE) 

[52], morphological filtering (MF) [153], the partial area effects (PAE) based scheme [193], text-

region based feature extraction [59] and the fast independent component analysis (FICA) related 

approach [5]. We summarized the crucial details of each algorithm in [39], adjusted each of their 

parameters to achieve a highest overall average F-score. Sample frames were used for the first set of 

tests, then the most suitable parameters can be decided under the best overall average F-score for ten 

algorithms each combined with the five existing post-processing schemes [47], [131], [132], [137], 

[193], the proposed SIVP scheme [48], the MTAP scheme [43], and spatial processing [40], [46]. 

When using our private aerial video datasets (Tucson and Phoenix) and the merged frames on 

test, we have conduced quantitative analysis of vehicle detection in four scenarios: i) five vehicle 

detection algorithms combined with the SIVP scheme or filtering by shape index (SI), and two 

post-processing schemes associated with three object detection algorithms with randomly grouped 

frames; ii) conduct a set of sample tests on seven post-processing schemes associated with ten 

object detection algorithms to find the best three matches on each algorithm; iii) implement ten 

algorithms each combined with three post-processing schemes out of seven (as voted from row 

comparison of average F-scores in Table 5.3) using the merged dataset, where visual comparison 

of these post-processed outputs was also presented for supplemental illustration; iv) apply a two-

stage learning based approach with adjusted parameters to achieve highest overall accuracy on 

multi-class object detection in the online VEDAI dataset, tune the proportion of folders on training 

to testing and update its structure of FC-DenseNet to reach the optimal outcome, followed by 
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combining each of the three post-processing schemes (as voted from iii)) to check the degree of 

improvement, then compare with the other four post-processing schemes and finally justify an 

optimal scheme. These scenarios present an explicit description on both the uplink and the 

downlink of the proposed workflow (as illustrated in Fig. 5.1) on multi-class object detection and 

classification upon integrating some kernel elements of machine learning and deep learning. 

Beside the basic IR metrics and CLEAR metrics as mentioned above, for online VEDAI dataset, 

we used the Accuracy metric to evaluate the object detection performance, which is the ratio on 

the count of correct predictions to the total number of predictions [18]. When applying a multi-

stage machine learning approach, the Accuracy metric equals the percentage of correctly classified 

instances for binary classification, which is formulated as [133] 

Accuracy = 
TP + TN

TP + FN + FP + TN
                        (5.1) 

where the accuracy metric numerically matches 1 ̶ PWC. 

The metric of average precision (AP) can be denoted as [14], [117], [138] 

AP = ∫ 𝑃(𝑅)𝑑𝑅
1

0
                           (5.2) 

where P = Precision and R = Recall. As a sample mean of AP, the metric of mean average precision 

(mAP), represents a global performance measure on multi-class object detection by a few deep 

learning-based approaches, i.e., [63], [80], [100], [164], which can be denoted as [14] 

mAP = 
1

N
∑ 𝐴𝑃𝑁

𝑖=1                            (5.3) 

 

1) Six Vehicle Detection Algorithms each combined with the SIVP Post-Processing scheme 

We start the experimental study from a verification step: five algorithms with average F-scores 

ranking from high to low, were chosen to evaluate our SIVP post-processing scheme [48] in 

contrast to filtering by SI [137]. For each algorithm combined with post-processing, we carefully 

adjusted their parameters to achieve the highest average F-score. Table 5.1 shows the comparison 

on average F-score of each method in all the consecutive frames of two datasets. From Table 5.1, 

we justify that the SIVP scheme [48] displays better average F-score than filtering by SI [137] for 

all the six algorithms (Alg.). Therefore, we decided to replace filtering by SI [137] with our SIVP 
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scheme [48] on all combinations of the corresponding post-processing schemes associated with 

any of the ten detection algorithms. 

Table 5.1. Comparison of average F-score: the SIVP scheme versus Filtering by SI on post-processing 

Alg. 
Tucson Dataset Phoenix Dataset 

SIVP Scheme Filtering by SI SIVP Scheme Filtering by SI 

LC 0.860 0.736 0.625 0.482 
FT 0.824 0.716 0.478 0.409 

MSSS 0.724 0.620 0.450 0.385 
VMO 0.775 0.551 0.704 0.501 

TE 0.643 0.489 0.548 0.436 
CV 0.584 0.523 0.401 0.257 

 

2) Five Post-Processing Schemes each associated with Any of the Ten Algorithms on Small Object 

Detection 

The second set of tests was designed as follows: we used MATLAB to randomly divide the 100 

frames into ten groups where each group has ten frames for Tucson and Phoenix datasets. Post-

processings (SIVP scheme [48], Sieving and Closing [39], [45]) associated with LC [94], VMO 

[130] and FDE [52] were selected to calculate average F-scores on the randomly grouped 100 

frames per dataset. Twelve groups of average F-score were obtained where each group contains 

ten data sample. We compute the mean and standard deviation of each grouped data and find their 

95% confidence intervals (CI), which was displayed in Table 5.2, where the numerical statistics 

indicate that each group of data has tight CI and considerably small value of standard deviations. 

Table 5.2. Statistical test on average F-score (10 × 10 frames): two post-processing schemes associated 

with three automatic algorithms 

Alg. 
Tucson Dataset Phoenix Dataset 

SIVP Scheme Sieving and Closing SIVP Scheme Sieving and Closing 

LC 
0.839 ± 0.006 
(Std. = 0.008) 

0.871 ± 0.005 
(Std. = 0.007) 

0.589 ± 0.010 
(Std. = 0.014) 

0.620 ± 0.009 
(Std. = 0.012) 

VMO 
0.745 ± 0.014 
(Std. = 0.019) 

0.802 ± 0.009 
(Std. = 0.012) 

0.696 ± 0.007 
(Std. = 0.009) 

0.683 ± 0.014 
(Std. = 0.020) 

FDE 
0.871 ± 0.004 
(Std. = 0.006) 

0.876 ± 0.005 
(Std. = 0.007) 

0.658 ± 0.013 
(Std. = 0.018) 

0.696 ± 0.009 
(Std. = 0.013) 

 

In similar ways, we verify average F-scores of the other three existing post-processing schemes 

[131], [132], [153] associated with LC, VMO and FDE. This statistical random sampling test in 
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Table 5.2 suggests that using random groups of frames for evaluating the performance of multiple 

detection algorithms, does not affect the overall accuracy of results on average F-score. 

Upon testing all the sample aerial frames in Tucson and Phoenix datasets, we combined all 

possible cases on each of the ten algorithms [1], [2], [5], [52], [59], [94], [130], [153], [166], [193] 

binding with any of the seven post-processing schemes [43], [45]-[48], [131], [132], [137], [193] 

(marked as M1 to M7). The quantitative performance of average F-score for each outcome was 

tabulated in Table 5.3, where the best three overall F-score (bold-typed numbers in each column 

got selected for further comparison. 

Table 5.3. Average F-score: seven post-processing schemes each combined with any of the ten 

algorithms in Tucson (T) and Phoenix (P) datasets 

          Alg. 

Post-Proc. / Dataset 
LC VMO FT MSSS 

KFCM

-CV 
FDE PAE MF TE FICA 

Method 1 (M1): 

Filtered Dilation 

T 0.892 0.760 0.848 0.782 0.725 0.879 0.625 0.681 0.640 0.743 

P 0.549 0.714 0.608 0.631 0.306 0.643 0.313 0.454 0.621 0.392 

Method 2 (M2): 

Heuristic Filtering 

T 0.840 0.717 0.766 0.724 0.569 0.867 0.801 0.724 0.812 0.804 

P 0.538 0.606 0.453 0.354 0.296 0.591 0.480 0.380 0.525 0.377 

Method 3 (M3): 

SIVP Scheme 

T 0.860 0.775 0.824 0.724 0.584 0.866 0.793 0.618 0.643 0.720 

P 0.625 0.704 0.478 0.450 0.401 0.673 0.646 0.341 0.548 0.337 

Method 4 (M4): 

Sieving and Opening 

T 0.822 0.515 0.733 0.641 0.467 0.877 0.798 0.776 0.815 0.655 

P 0.583 0.640 0.439 0.470 0.205 0.651 0.535 0.588 0.498 0.355 

Method 5 (M5): 

Sieving and Closing 

T 0.881 0.801 0.861 0.776 0.587 0.885 0.814 0.722 0.680 0.723 

P 0.628 0.702 0.539 0.568 0.407 0.683 0.579 0.500 0.565 0.433 

Method 6 (M6): 

MTAP Scheme 

T 0.823 0.820 0.832 0.817 0.610 0.901 0.762 0.683 0.754 0.712 

P 0.611 0.688 0.598 0.592 0.479 0.614 0.627 0.518 0.642 0.461 

Method 7 (M7): 

Spatial Processing 

T 0.842 0.691 0.809 0.808 0.694 0.857 0.723 0.764 0.784 0.738 

P 0.646 0.544 0.547 0.572 0.346 0.632 0.534 0.482 0.557 0.426 

 

In Table 5.3, we count the frequency of bold-typed group numbers (as a vote) from row 

comparison, then justify that MTAP scheme (M6) got the highest nine votes, while both sieving 

and closing (M5) and spatial processing (M7) got six votes; SIVP scheme (M3) had four votes, 

however, each of the other three (M1, M2, M4) got voted no more than twice. Note that filtered 

dilation was not voted for VMO, KFCM-CV and TE due to its failure on reducing Splits, or the 

average F-score is lower than the voted schemes. We conclude that MTAP scheme (M6) represents 
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the best voted schemes for the ten algorithms; while sieving and closing (M5), spatial processing 

(M7) both got the second highest votes; the other four post-processing schemes may only fit well 

for a couple of specific algorithms and need to apply some enhanced evaluation metrics [35]. Due 

to the fairness in comparison, all seven post-processing schemes are tested in frame-based spatial 

domain in Tucson and Phoenix datasets before merging. 

 

3) Ten Algorithms each combined with the best three Post-Processing Schemes as Voted in 2) 

We step further to present performance analysis before and after post-processing, where the 

numerical outputs on each type of detections are classified for all the 8072 vehicles in Tucson and 

Phoenix datasets. Quantitative results of each algorithm before and after combining three post-

processing schemes (as highlighted with bold numbers in Table 5.3) are displayed in Table 5.4,  

where M0 refers to no post-processing applied to any of the algorithms and in the subsequent tables. 

Table 5.4. Classification on detections for each algorithm combining with their best three post-

processing schemes as voted from Table 5.3. 

Alg. Scheme 
Counts of Classified Detections 

Alg. Scheme 
Counts of Classified Detections 

TP S M FN FP TP S M FN FP 

LC 

M0 7051 1631 688 333 7691 

FDE 

M0 6477 1677 362 1233 6703 

M3 5862 241 410 1800 3110 M3 5644 267 519 1909 1648 

M5 6187 368 345 1540 3792 M5 5447 150 974 1651 1347 

M7 5988 123 415 1669 2327 M6 5823 146 512 1689 2055 

VMO 

M0 7104 10527 188 584 16633 

PAE 

M0 6977 6581 81 1014 14416 

M3 5585 653 853 1634 3065 M3 5566 134 627 1879 2552 

M5 5920 746 973 1179 3619 M5 5807 373 497 1768 3198 

M6 6247 813 671 1154 2890 M6 5703 231 467 1902 3127 

FT 

M0 7290 5000 174 608 14888 

MF 

M0 6753 10100 73 1246 37742 

M1 6357 1879 669 1046 5667 M4 5056 1562 102 2914 2568 

M6 6076 625 285 1711 3070 M5 5125 322 1529 1418 6140 

M7 5541 892 286 2245 2769 M6 4994 240 277 3001 3280 

MSSS 

M0 7457 5907 353 262 17286 

TE 

M0 6755 6264 191 1126 25879 

M1 6394 2005 1049 629 4772 M2 5631 1966 183 2258 3357 

M6 6133 543 264 1675 3413 M6 5668 1607 104 2300 2575 

M7 5906 555 323 1843 3338 M7 5597 1560 93 2382 2401 

KFCM-
CV 

M0 7111 12053 428 533 41539 

FICA 

M0 6766 4263 98 1208 32360 

M5 5212 1577 443 2417 9697 M2 5426 880 18 2628 5262 

M6 5294 1287 553 2225 6950 M6 5227 419 230 2615 3991 

M7 5145 1356 425 2502 8738 M7 5545 189 604 1923 6660 

 

Combining the quantitative results in Tables 5.3 and 5.4, we justify that among nine detection 

algorithms combined with the MTAP scheme (M6), VMO and MSSS display highest and second 
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highest TP counts; among six algorithms with spatial processing (M7), LC and MSSS show the 

highest and second highest TP counts; among five algorithms with sieving and closing (M5), LC 

and VMO represent the best two in TP counts. Among the tabulated ten detection algorithms 

combining any type of post-processing, MSSS with filtered dilation (M1) presents largest TP 

counts, while MF with sieving and opening (M4) shows lowest TP counts. Regarding FNs (Miss), 

MSSS with filtered dilation (M1) show the smallest FN counts, VMO with MTAP scheme (M6) 

indicates the second smallest FN counts. Regarding FP, the lowest FP count was found in FDE 

with sieving and closing (M5), the best reduction on FP was shown by MF with sieving and 

opening (M4), displaying 93.2% decrease on FP; while the least reduction was found on LC with 

sieving and closing (M5), showing 50.7% decrease on FP. Besides, all the voted post-processings 

are valid on reducing Splits (S), where the best reduction was found on PAE with SIVP scheme 

(M3), the least reduction was shown on FT with filtered dilation (M1). 

However, when applying post-processing for any of the ten algorithms, all seven schemes 

(M1~M7) share with some characteristics in common: they trade improving average F-score at 

mild cost of converting a small part of TPs to Merges; for reducing FPs and Splits, the validity and 

efficiency of each post-processing scheme has quite similar performance when detecting these 

small vehicles using self-collected datasets. Due to the complexity scenes in different aerial videos, 

higher number of TPs, lower number of FNs and FPs may co-exist in Tucson dataset than those in 

Phoenix dataset. Up to now, we haven’t found any related prior study on the differences of vehicle 

detection performance between publicly available online aerial datasets and self-collected datasets. 

We adopted the basic IR metric [133] to evaluate performance of ten detection algorithms before 

and after post-processing. The average scores on precision, recall and F-score of each algorithm 

before using any post-processing are depicted in Fig. 5.2. Regarding precision and F-score, the 

highest values were shown on LC in Tucson dataset, while the lowest were found on CV (KFCM-

CV) in Tucson dataset and FICA in Phoenix dataset. Regarding recall, all the rates of these eight 

algorithms (except FDE and PAE) are higher than 0.9 in Tucson dataset, while only two algorithms 

(LC and MSSS) achieved recall rates higher than 0.9 in Phoenix dataset. The average scores on 
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each metric were performed with mean and 95% CI, where tight CIs were depicted to support 

results on each algorithm tested for both Tucson dataset and Phoenix dataset. 

 

 
Figure 5.2. Precision, Recall and F-score of ten detection algorithms (left: Tucson, right: Phoenix) 

The detection results of these ten algorithms associated with the voted best three post-processing 

schemes were arranged into four groups: those algorithms with MTAP scheme (M6), those with 

sieving and closing (M5) and spatial processing (M7), and those with all other four schemes (M1 

~ M4). We merged the classified detection outputs of two datasets for quantitative comparison. 

The precision, recall and F-score on each of the ten algorithms after combining with voted three 

post-processing schemes are illustrated in Fig. 5.3, which consists of four sub-diagrams. Regarding 

precision and F-score, when post-processed by the MTAP scheme (M6), FDE and CV ranked the 

highest and lowest among the eight algorithms, respectively; the same conclusion was drawn when 

post-processed by sieving and closing (M5), while the highest and lowest results were displayed 

with LC and CV when post-processed by spatial processing (M7). Consider the other four post-

processing schemes, the highest scores were found in FDE with SIVP scheme (M3), the lowest 

scores were displayed on FICA with heuristic filtering (M2). Regarding recall, seven algorithms 

(except MF and FICA) preserved their recall rates above 0.7 when post-processed by the MTAP 

scheme (M6) or any of the other four schemes (M1 ~ M4); five algorithms (except CV) retained 

their recall rates above 0.7 when post-processed by either sieving and closing (M5) or Spatial 

Processing (M7). Three of the best precision and average F-scores were found by FDE with 

Sieving and Closing (M5), FDE with the SIVP scheme (M3), and FDE with the MTAP scheme 

(M6); while three of the best recalls were shown on MSSS with filtered dilation (M1), VMO with 

sieving and closing (M5), and VMO with the MTAP scheme (M6). 
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Figure 5.3. Comparison on Precision, Recall and F-score: ten algorithms each combined with their best three 

post-processings (merged datasets). 

 

As evidenced by Fig. 5.3, the explicit improvements on precision and average F-scores of all 

ten algorithms verify the validity of our post-processing on selection, while some mild decrease of 

recalls for each algorithm were resulted from the trade-off on a small portion of TP to Miss. Due 

to the extremely low-resolution on aerial frames, none of the average F-scores on any outcome 

achieved higher than 0.9. The bar graph with mean and 95% CI are also validated by the tight 

confidence interval for each metric that we used for performance evaluation. 

Table 5.5 displays the percentage of wrong classification (PWC) for our performance analysis 

on ten automatic detection algorithms with the voted three post-processing schemes, where the 

notations on M0~M7 are the same as those in Table 5.3. The best performance was observed by 

FDE with the MTAP scheme (M6), which shows a PWC of 18.2% in Tucson dataset. The smallest 

improvement was found on LC with sieving and closing (M5), which reduced PWC from 62.4% 

to 58.9% in Phoenix dataset. In Tucson dataset, the PWC scores of nine algorithms (excluding 

KFCM-CV) got reduced to below 50%; in Phoenix dataset, only VMO with any of the voted three 

post-processing schemes (M3, M5 and M6) and FDE with sieving and closing (M5), decreased to 

below 50%. Regarding the degree of improvements on PWC scores, voted post-processings for 
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nine algorithms (except VMO) perform better in Tucson dataset than in Phoenix dataset. On the 

contrary, only VMO-based scheme when post-processed by the SIVP scheme (M3) or sieving and 

closing (M5), may exhibit better scores in Phoenix dataset than those in Tucson dataset. 

Table 5.5. Comparison on PWC: ten algorithms before and after combining with the voted three 

respective schemes on post-processing. 

Scheme 

Alg. 

PWC % / Tucson Dataset 

M0 M1 M2 M3 M4 M5 M6 M7 

LC 41.5 ± 1.1   27.6 ± 1.2  27.9 ± 1.2  27.3 ± 1.0 

VMO 66.3 ± 1.1   40.8 ± 1.1  46.9 ± 1.0 35.0 ± 1.2  

FT 62.7 ± 0.9 38.7 ± 1.0     28.8 ± 1.3 27.9 ± 1.0 

MSSS 65.7 ± 0.8 33.6 ± 1.0     30.9 ± 1.1 31.0 ± 1.0 

CV 83.6 ± 0.4     61.0 ± 1.0 56.1 ± 1.4 46.9 ± 1.2 

FDE 50.4 ± 0.9   22.8 ± 0.8  22.0 ± 0.8 18.2 ± 1.1  

PAE 62.3 ± 0.9   36.2 ± 1.0  38.7 ± 1.0 38.5 ± 1.1  

MF 79.1 ± 1.6    37.4 ± 2.0 41.8 ± 1.2 48.2 ± 1.1  

TE 78.2 ± 0.6  31.8 ± 0.8    39.5 ± 1.2 38.2 ± 1.4 

FICA 71.4 ± 1.3  33.5 ± 1.6    35.4 ± 1.7 41.6 ± 1.3 

 Scheme 

Alg. 

PWC % / Phoenix Dataset 

M0 M1 M2 M3 M4 M5 M6 M7 

LC 62.4 ± 0.7   58.4 ± 1.0  58.9 ± 1.0  52.3 ± 1.1 

VMO 74.2 ± 0.8   46.9 ± 1.0  49.8 ± 1.2 47.6 ± 1.1  

FT 72.2 ± 0.7 62.2 ± 0.8     57.4 ± 0.9 61.7 ± 1.0 

MSSS 73.5 ± 0.6 56.5 ± 1.0     58.0 ± 0.9 57.8 ± 1.0 

CV 87.1 ± 0.3     76.5 ± 0.7 68.5 ± 1.0 79.1 ± 0.8 

FDE 59.0 ± 1.0   50.8 ± 1.2  46.4 ± 1.3 54.7 ± 1.1  

PAE 73.2 ± 0.8   50.6 ± 1.5  52.0 ± 1.4 53.4 ± 1.3  

MF 88.0 ± 0.6    61.8 ± 0.9 71.4 ± 1.1 65.1 ± 1.2  

TE 80.5 ± 1.0  63.3 ± 1.1    52.8 ± 1.3 61.5 ± 1.6 

FICA 88.5 ± 0.5  74.4 ± 1.2    70.1 ± 1.1 73.0 ± 0.9 

 

Table 5.6 presents quantitative results of each algorithm without applying any post-processing, 

or each combined with any of the voted post-processing schemes measured by MODA and MOC 

from the CLEAR metrics [65], where the seven post-processing schemes share the same notations 

in Table 5.5. In Tucson dataset, FDE with the MTAP scheme (M6) displays the highest MODA, 

KFCM-CV with spatial processing (M7) shows the largest improvement, while KFCM-CV with 

sieving and closing (M5) shows the lowest MODA, LC with sieving and closing (M5) indicates 

the smallest improvement. In Phoenix dataset, FDE with sieving and closing (M5) shows the 

highest MODA, FICA with the MTAP scheme displays the largest improvement, while KFCM-

CV with sieving and closing (M5) displays the lowest MODA, LC with the SIVP scheme (M3) 

indicates the smallest improvement. Checking MOC indices of each algorithm before and after 
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combining with any of the three voted post-processing schemes, each numerical value closely 

matches the related sample mean on each MODA, proving validity and accuracy of our study. 

 
Table 5.6. MODA and MOC in the CLEAR Metric: ten algorithms before and after combining with two 

respective post-processing schemes. 

Metric 
    Alg. 

Scheme 
Tucson Dataset 

LC VMO FT MSSS CV FDE PAE MF TE FICA 

MODA 

No Post-Processing 
0.295 

± 0.034 
-0.979 
± 0.098 

-0.713 
± 0.066 

-0.944 
± 0.070 

-3.944 
± 0.124 

0.097 
± 0.031 

-0.531 
± 0.053 

-3.248 
± 0.359 

-2.402 
± 0.113 

-1.538 
± 0.158 

M1: Filtered Dilation   
0.401 

± 0.025 
0.523 

± 0.021 
      

M2: Heuristic Filtering         
0.261 

± 0.032 
0.564 

± 0.036 

M3: SIVP Scheme 
0.684 

± 0.016 
0.505 

± 0.018 
   

0.769 
± 0.009 

0.585 
± 0.014 

   

M4: Sieving and Opening        
0.602 

± 0.020 
  

M5: Sieving and Closing 
0.664 

± 0.018 
0.522 

± 0.021 
  

-0.160 
± 0.035 

0.790 
± 0.008 

0.510 
± 0.017 

0.453 
± 0.023 

  

M6: MTAP Scheme  
0.563 

± 0.042 
0.641 

± 0.075 
0.602 

± 0.058 
0.169 

± 0.041 
0.814 

± 0.010 
0.522 

± 0.013 
0.307 

± 0.026 
0.498 

± 0.017 
0.582 

± 0.029 

M7: Spatial Processing 
0.669 

± 0.021 
 

0.652 
± 0.016 

0.610 
± 0.025 

0.368 
± 0.042 

   
0.511 

± 0.022 
0.428 

± 0.037 

MOC 

No Post-Processing 0.296 -0.981 -0.714 -0.943 -3.944 0.098 -0.532 -3.235 -2.400 -1.534 

M1: Filtered Dilation   0.401 0.523       

M2: Heuristic Filtering         0.262 0.565 

M3: SIVP Scheme 0.684 0.505    0.770 0.585    

M4: Sieving and Opening        0.601 0.648 0.378 

M5: Sieving and Closing 0.664 0.522   -0.160 0.790 0.510 0.453   

M6: MTAP Scheme  0.570 0.638 0.596 0.167 0.808 0.516 0.299 0.492 0.575 

M7: Spatial Processing 0.672  0.653 0.604 0.377    0.505 0.433 

Metric 
  Alg. 

Scheme 

Phoenix Dataset 

LC VMO FT MSSS CV FDE PAE MF TE FICA 

MODA 

No Post-Processing 
-0.280 
± 0.033 

-1.353 
± 0.103 

-1.130 
± 0.055 

-1.403 
± 0.060 

-4.473 
± 0.090 

-0.065 
± 0.034 

-1.293 
± 0.082 

-4.427 
± 0.220 

-2.302 
± 0.240 

-4.771 
± 0.225 

M1: Filtered Dilation   
-0.062 
± 0.026 

0.140 
± 0.022 

      

M2: Heuristic Filtering         
0.092 

± 0.050 
-0.514 
± 0.061 

M3: SIVP Scheme 
0.105 

± 0.028 
0.421 

± 0.021 
   

0.350 
± 0.023 

0.316 
± 0.033 

    

M4: Sieving and Opening         
0.039 

± 0.026 
 

M5: Sieving and Closing 
0.020 

± 0.032 
0.292 

± 0.031 
  

-0.837 
± 0.040 

0.467 
± 0.022 

0.258 
± 0.034 

-0.324 
± 0.049 

  

M6: MTAP Scheme  
0.382 

± 0.024 
0.168 

± 0.017 
0.150 

± 0.021 
-0.829 
± 0.045 

0.271 
± 0.036 

0.235 
± 0.028 

0.044 
± 0.025 

0.298 
± 0.019 

-0.211 
± 0.045 

M7: Spatial Processing 
0.326 

± 0.021 
 

0.080 
± 0.026 

0.113 
± 0.025 

-1.155 
± 0.062 

   
0.064 

± 0.037 
-0.453 
± 0.039 

MOC 

No Post- Processing -0.280 -1.351 -1.123 -1.402 -4.477 -0.063 -1.287 -4.418 -2.292 -4.764 

M1: Filtered Dilation   -0.061 0.141       

M2: Heuristic Filtering         0.094 -0.514 

M3: SIVP Scheme 0.103 0.420    0.352 0.319    

M4: Sieving and Opening        0.044   

M5: Sieving and Closing 0.019 0.291   -0.838 0.468 0.261 -0.321   

M6: MTAP Scheme  0.379 0.171 0.146 -0.436 0.268 0.239 0.146 0.302 -0.207 

M7: Spatial Processing 0.330  0.082 0.112 -1.153    0.065 -0.452 
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4) Qualitative Evaluation of Visual Detection Performance on Tucson and Phoenix Datasets 

Fig. 5.4 depicts a visual comparison of salient region from the cropped subimages (size 64 × 64) 

of the 51st frame in Tucson and Phoenix datasets. This region contains the largest count of detected 

vehicles from each algorithm. Every column is bounded in color, and the white label in last column 

displays the ground truth. From Fig. 5.4, we observe efficient removal of FPs from comparing the 

result columns before and after combining with three post-processing schemes as previously voted 

for each of the ten algorithms. Meanwhile, computational efficiency of each algorithm combined 

with their optimal post-processing scheme, were also evaluated for Tucson and Phoenix datasets. 

Experiments were conducted in the software platform of MATLAB R2019b in a Dell laptop with 

Intel Core i7-8500U 1.80G CPU and 16GB RAM. 

 

 
Figure 5.4. Visual comparison on ten algorithms without / with each of the three post-processing schemes 

voted from Table 5.3. Row (a) shows initial detection, Rows (b)-(d) present post-processed results for Tucson 

dataset, respectively. Similar results shown in Row (e) and Rows (f)-(h) for Phoenix dataset, respectively. GT 

vehicles displayed in the last column. 
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5) FC-DenseNet: Two-Stage Learning based Approach on Multi-Class Object Detection 

  While the uplink of our proposed workflow included a comprehensive procedure on selecting 

the best three post-processing schemes for small object detection using low-resolution wide-area 

aerial datasets, the limitations of study and our plan of solutions are summarized as follows: firstly, 

the relatively finite scale of image data inputs from self-collected datasets might not stand for 

universal applicability on those seven post-processing schemes, which needs further clarification; 

hence, we used the online VEDAI dataset with both training and testing folders for our downlink 

experiments. Secondly, since the ten algorithms on small object detection mainly cover the “pillar” 

techniques on saliency detection, multi-scale representation and contextual information, while still 

missing the involvement of regional proposals, i.e., deep CNN-based semantic image segmentation, 

also achieved convincible object detection accuracy on similar urban scene datasets, i.e., CamVid 

and Gatech [61], hence, we decided to implement this keynote approach for verification on small 

object detection. Besides, when applying selected post-processings to test an algorithm on different 

publicly available aerial datasets such as online VEDAI, the best three schemes (MTAP (M6), 

Spatial Processing (M7), Sieving and Closing (M5)) out of seven, require subsequent competition, 

while the other four schemes (Filtered Dilation (M1), Heuristic Filtering (M2), SIVP (M3), Sieving 

and Opening (M4)) with less votes, may not be completely excluded in another set of test scenarios. 

We designed another set of experiments on the downlink of workflow as depicted in Fig. 5.1, 

which measures the degree of improvements from selected post-processings when each applied to 

the two-stage learning based approach followed up with updating the number of layers on FC-

DenseNet. Quantitative results serve as numerical evidence on justifying a best scheme to match 

the best candidate on improving object detection accuracy for the online VEDAI dataset. 

  In this set of experiments, the downlink on pipeline of our proposed workflow passed through 

the following steps: i) apply the tiramisu code [61] on semantic segmentation for the online VEDAI 

dataset (size of 512 × 512), and progressively tuning the ratio of training to testing by 80:2:98% 

to 20:-2:2%, and the portion of validation was set as 1% (valid_pct = 0.01); ii) adjust the other 

parameters such as weight decay (wd) and learning rate (lr) to optimal threshold, apply the default 
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value 0.3/0.7 for pct_start, then proceed with the two-stage learning within ten epochs to acquire 

the accuracy and draw the curve of learning rate versus loss; iii) update this approach with fully 

convolutional (FC)-DenseNet (103 layers), then apply a smaller learning rate (selected from the 

curve) to proceed with another round of two-stage learning, which finally output an updated object 

detection accuracy along the predicted detection outputs. We plan to select and evaluate four post-

processing schemes (either from the voted best three schemes and a relatively highest one from 

the rest of four) to evaluate the degree of improvement on the metrics of Accuracy and mAP in the 

next set of experiments. 

  The CNN-related architecture of FC-DenseNet with its dense block of 4 layers and its building 

blocks are depicted in Fig. 5.5 [61]: the left diagram displays difference on the connectivity pattern 

between the upsampling and downsampling paths, the middle diagram shows the generation of 

feature maps on each of the 4 layers and the block output from concatenation of each layer output, 

and the right diagram integrates the information of crucial parameters excerpted from layers of the 

model, kernels such as Transition Down and Transition Up. 

      

Figure 5.5. Fully convolutional (FC) DenseNet: architecture for semantic image segmentation (left); its dense 

block of 4 layers (middle); and its related building blocks (right). 
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  When we apply the two-stage learning based approach to online VEDAI dataset, a subgroup of 

eight frames were loaded in the process, and the subset classes contains ten categories of objects: 

terrain, car, truck, tractor, camping car, van, vehicle, pick up, ship, and plane. The initial results of 

program outputs in Google Colab Pro after parameter tuning are depicted in Fig. 5.6. We justify 

that by the end of second-stage learning, the highest accuracy was achieved with 84.0%, and the 

better alternative learning rate (less than 1e-3) can be found close to the numerical point of 1e-4. 

 

Figure 5.6. Sample results of two-stage learning approach and the generated curve to find a better alternative 

learning rate (after parameter tuning) on semantic image segmentation for online VEDAI. 

 

We applied FC-DenseNet 103 model [61] and adjusted each of the parameters (wd = 1e-2, lr = 

1e-4, valid_pct = 0.01, and pct_start = 0.3/0.7) to proceed with updated two-stage learning. The 

results along with program running process and the GT objects with their predictions are displayed 

in Fig. 5.7. We justify that the highest accuracy was reached with 86.0% in the Epoch 6 of second-

stage learning, while the predicted locations of multi-class objects basically coincide with their GT. 

Combining the experimental results on VEDAI dataset from Chapter 5.4, we justify that the 

average detection accuracy is 78.2% on initial second stage learning and 85.5% on updated second 

stage learning, respectively; it proves FC-DenseNet103 as a better model on multi-class object 

detection. The last step is to complete tests and decide a best post-processing scheme along with 

conducting some ablation study to verify its uniform viability on online VEDAI dataset. 
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Figure 5.7. Sample results on detection accuracy and GT/Predicted objects of updated two-stage learning after 

updating with FC-DenseNet 103 and applying an adjusted learning rate for online VEDAI. 

 

6) Final Tests to justify the Optimal Post-Processing Scheme on online VEDAI Dataset 

Our last set of experiments is to determine the best of seven post-processing schemes using low-

resolution wide-area online VEDAI dataset. We conduct the tests in four scenarios as below: i) 

check with the other four post-processing schemes (less votes) and decide one with highest score 

on accuracy; ii) apply each of the three voted schemes and the selected one as fourth scheme to 

the detection output after updated two-stage learning, then conduct our performance evaluation 

using accuracy and mAP as metrics in contrast to the quantitative scores (right after updated two-

stage learning without any post-processing); iii) Upon adjusting the size and resolution of sample 

frames, present ablation studies for a balance between detection accuracy, algorithmic complexity, 

and time costs when applying each of the four post-processing schemes and altering the structure 

on convolutional layers of FC-DenseNet; iv) Decide the best scheme on post-processing for online 

VEDAI upon comprehensive evaluation of the numerical results obtained from i) to iii). 

  Table 5.7 shows the scores of detection accuracy when applying each of the four post-processing 

schemes (Filtered Dilation (M1), Heuristic Filtering (M2), SIVP (M3), Sieving and Opening (M4)) 
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to the initial detection output after updated two-stage learning, where we used three different cases 

on ratio of training to testing online VEDAI. We justify that while the outcome of applying M4 is 

reducing accuracy, each of the rest three schemes improved scores with a small scale and the SIVP 

scheme (M3) displays the relatively best results when using different portions of training to test. 

Table 5.7. Performance evaluation of Accuracy metric on each of the four unvoted post-processings 

schemes associated with initial detection after updated two-stage learning (FC-DenseNet 103) 

Training : 
Test 

No Post-
Processing 

(M0) 

Filtered 
Dilation 

(M1) 

Heuristic 
Filtering 

(M2) 

SIVP 
Scheme 

(M3) 

Sieving and 
Opening 

(M4) 

80% : 20% 0.718 0.767 0.746 0.771 0.682 

90% : 10% 0.745 0.790 0.772 0.798 0.706 

95% : 5% 0.801 0.853 0.829 0.856 0.754 

 

  The metric of mean average precision (mAP) on ten sample frames in online VEDAI dataset, 

was used to evaluate the post-processing results from Filtered Dilation (M1) to SIVP scheme (M3), 

where the experimental results from five different portions of training to test are displayed in Table 

5.8. From Table 5.8, we can see that SIVP scheme performs better than filtered dilation on post-

processing as evidenced by the least contrast (79.54% to 75.33%) of mAP in the last column. As a 

result, our SIVP scheme (M3) was picked up as the fourth scheme along with our previously voted 

schemes (M5, M6 and M7) to further evaluate the outcomes of post-processing for online VEDAI. 

Table 5.8. Mean average precision (mAP / %) of ten sample frames when post-processed by Filtered 

Dilation (M1) versus SIVP scheme (M3) after applying updated two-stage learning (FC-DenseNet 103) 

 80% : 20% 85% : 15% 90% : 10% 95% : 5% 98% : 2% 

No Post-Proc. 63.90 ± 1.81 64.68 ± 1.65 67.14 ± 1.58 71.29 ± 1.43 74.18 ± 1.32 

Filtered Dilation 65.96 ± 1.74 67.85 ± 1.92 68.73 ± 1.56 72.47 ± 1.69 75.33 ± 1.45 

SIVP Scheme 71.07 ± 1.25 72.98 ± 1.09 73.61 ± 1.28 77.89 ± 1.31 79.54 ± 1.16 

 

We applied the SIVP scheme (M3), Sieving and Closing (M5), MTAP scheme (M6) and Spatial 

Processing (M7) to the initial detection output after updated two-stage learning, then successively 

evaluate their improved performance on online VEDAI using accuracy and mAP as two metrics. 
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The quantitative scores on each of the post-processing schemes in contrast to those with no post-

processing are tabulated in Table 5.9, where five different portions of training to test are applied. 

Table 5.9. Evaluation Scores of Mean average precision (mAP / %) and Accuracy when post-processed 

by each of the four schemes (M3, M5, M6 and M7) on the online VEDAI dataset. 

mAP (%) 

Training : 

Test 
No Post-Proc. SIVP (M3) 

Sieving and 

Closing (M5) 
MTAP (M6) 

Spatial 

Processing 

(M7) 

80% : 20% 62.58 ± 1.73 69.84 ± 1.26 71.24 ± 1.68 75.32 ± 1.17 67.39 ± 1.52 

85% : 15% 64.29 ± 1.56 71.65 ± 1.12 73.08 ± 1.52 77.89 ± 1.06 69.23 ± 1.38 

90% : 10% 66.57 ± 1.48 72.98 ± 1.43 74.85 ± 1.36 79.24 ± 0.95 71.68 ± 1.25 

95% : 5% 70.92 ± 1.35 76.23 ± 0.97 75.86 ± 1.03 81.36 ± 0.88 74.36 ± 1.10 

98% : 2% 73.16 ± 1.29 78.45 ± 1.08 77.63 ± 0.94 82.80 ± 1.04 75.57 ± 0.99 

Accuracy 

Training : 

Test 
No Post-Proc. SIVP (M3) 

Sieving and 

Closing (M5) 
MTAP (M6) 

Spatial 

Processing 

(M7) 

80% : 20% 0.718 0.771 0.780 0.823 0.742 

85% : 15% 0.729 0.783 0.791 0.844 0.756 

90% : 10% 0.745 0.798 0.817 0.865 0.773 

95% : 5% 0.801 0.856 0.835 0.882 0.808 

98% : 2% 0.846 0.874 0.858 0.891 0.835 

 

 From Table 5.9, we conclude that when our training set is no greater than 90%, Sieving and 

Closing (M5) displays better scores than SIVP (M3), while the outcome turns the opposite when 

using very large proportion of training (95% and 98%); among the four post-processing schemes, 

the MTAP scheme (M6) exhibits best improvement on both mAP and accuracy, while Spatial 

Processing (M7) shows least improvement applying these two metrics. Combining the outcomes 

of performance analysis, we justify that in our performance evaluation on multi-class object 

detection, MTAP scheme (M6) may qualify for the best scheme among the seven post-processing 

schemes for the entire online VEDAI dataset: when the training to test ratio of 98% to 2%, applying 

MTAP scheme on post-processing, the highest mAP and accuracy was reached by 82.80% and 

0.891, respectively. 

We also plan to conduct some ablation tests for meeting a balance between the object detection 
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accuracy, the time complexity of algorithms, and time costs when applying each of the four post-

processing schemes and altering the structure on convolutional layers of FC-DenseNet, i.e., using 

variable number of layers (56, 67, and 103) as reported in [61], where the numerical results will 

be included in the later upgraded version submitted to the special issue session of “Urban Multi-

Category Object Detection using Aerial Images” on MDPI Journal of Remote Sensing. 

The average CPU executing time in seconds (s) per frame with size 720 × 480 for each algorithm 

is reported in Table 5.10, indicating the outcome of applying optimal post-processing (the MTAP 

scheme) on each of the eleven algorithms for the accurate detection on small objects using aerial 

datasets, we justify that FDE runs fastest, while TE stands for the most time-consuming automatic 

algorithm being adapted for aerial vehicle detection. 

Table 5.10. Comparison of the average CPU execution time (s) per frame for each of the eleven 

algorithms combined with optimal post-processing 

Alg. LC VMO FT MSSS 
KFCM-

CV 
FDE PAE MF TE FICA 

FC-
DenseNet 

Time  2.06 8.36 2.18 5.24 10.97 1.28 3.15 1.63 30.22 10.46 4.43 

 

5.5 Discussions and Concluding Remarks 

In retrospect to the uplink on pipeline of our approach, we have presented an experimental study 

on ten automatic detection algorithms with seven post-processing schemes in low-resolution wide-

area aerial imagery. In addition to the four existing post-processing schemes [131], [132], [137], 

[193] and the sieving and closing scheme [39], [45], we draw conclusions on the three post-

processing schemes we derived: i) the SIVP scheme, which comprises pre-sieving, pixel area based 

thresholding and conditional sieving on objects with respect to the measure of compactness [48]; 

ii) the MTAP scheme, which includes median filtering, opening and closing, followed by applying 

Gaussian smoothing along with non-maximum suppression (NMS) [43]; iii) the Spatial Processing 

scheme, which consists of 8-neighborhood pixel hysteresis thresholding followed by opening and 

closing (while temporal filtering was excluded due to fair comparison since no spatial connectivity 

exists among frames on a third dataset) [40], [46]. The SIVP post-processing scheme [48] shows 
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better average F-score than filtering by shape index (SI) [137] for LC [94], FT [2], VMO [130], 

TE [59], and KFCM-CV [166]. We have used two aerial datasets (Tucson, Phoenix, and their 

merged inputs) for tests, carried out an average F-score comparison on all tested frames of any 

possible cross-combinations of ten algorithms with seven post-processing schemes, and the three 

schemes as voted for highest average F-scores in row comparison, are respectively associated with 

each algorithm. Our tests on seven post-processing schemes each combined with the ten automatic 

algorithms, implies that the MTAP scheme (M6) [43] acquired the highest votes, while Sieving 

and Closing (M5) [39], [45] as well as Spatial Processing (M7), tied for the second highest votes. 

Quantitative results indicate that after post-processing, in Tucson dataset, FDE and LC rank the 

best two in precision, F-score and PWC, FT and MSSS rank the best two in recall; while in Phoenix 

dataset, FDE and VMO rank the best two in precision, F-score and PWC, VMO and MSSS rank 

the best two in recall. The metrics of MODA and MOC show coincidence with ranks of each 

automatic algorithm on PWC improvements, demonstrating validity, efficiency, and accuracy on 

voting three of the most suitable post-processing schemes for each of the ten algorithms [1], [2], 

[5], [52], [59], [94], [130], [153], [166], [193] adapted for vehicle detection using low-resolution 

wide-area datasets, candidating applicable techniques for improving the accuracy of multi-class 

detection and classification of small objects. 

Regarding the downlink on pipelined workflow of our study on selecting post-processings, we 

adapted the vehicle tiramisu code from semantic image segmentation [61] as an eleventh algorithm 

on small object detection, applied the two-stage learning approach and updated two-stage learning 

using FC-DenseNet103 model with adjusted parameters to reach the highest overall initial 

detection accuracy, where the outcome was found as 85.5% on average at best. We have designed 

two sets of experiments to pick up the optimal post-processing scheme among two groups: three 

schemes as voted from prior study and the rest four schemes, where mean average precision (mAP) 

and Accuracy are adopted as two metrics for performance evaluation. Using different proportions 

of training to test images from the online VEDAI dataset, we finally justify that the MTAP scheme 

(M6) displays the highest overall scores on mAP and Accuracy among the four post-processing 
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schemes (M3, M5, M6 and M7), we claim it as best since the best outcome is still slightly lower 

than 85% on mAP and 0.9 on Accuracy, which still has some distance in contrast to those results 

as evidenced from some latest state-of-the-art approaches on multi-class small object detection 

using public aerial datasets. 

The limitations of our study are summarized in the following scenarios: i) most of the automatic 

algorithms on multi-class aerial vehicle detection depend on geometric or grayscale intensity based 

methods, which were absent from concerning inter-frame registration when handling unregistered 

aerial images; ii) in fair comparison, all seven post-processing schemes are heuristic improvement 

in planar domain, which should be promoted to further elimination of false positive (FP) rates by 

using spatial correlations; iii) since there was no training data for the raw and unregistered aerial 

datasets (i.e., Tucson and Phoenix), our study in the uplink missed to retain sufficient space for 

machine learning based schemes despite the compensation in the downlink design on multi-class 

object detection; meanwhile, given a larger-scale dataset for testing, the booming training data 

indicates increased time cost, which may involve GPU-based speed-up on parallel computing; all 

those research topics as mentioned above, call for further investigation in our subsequent works. 

Most recently, the deep learning-based approaches have been widely applied to object detection 

and segmentation in traffic video analysis [18], [22], [36], [37], [58], [64], [83], [138], [142], [150], 

[175], [190], [192], [198]. Detecting aerial vehicles using a deep learning-based scheme typically 

includes the stage of pre-training, sample frame labeling, feature extraction in a deep convolutional 

neural network (DCNN) and applying an object segmentation algorithm to obtain the detection 

outputs [48]. While many deep-learning based approaches proved time-efficiency and detection 

accuracy [63], [143], [150], [174], some further updates are still in need to deal with the increased 

complexity, time cost and requirement on GPU support [48], [70], [184]. 

As future work, we plan to present a few recently developed automatic detection schemes [40], 

[44], [48], [53], [112], [167], [196] in contrast to other state-of-the-art models [18], [37], [43], [63], 

[83], [125], [138], [143], [150], [174], [175], [190], [192], [198] for vehicle detection in wide-area 

aerial imagery. In addition to exploiting some common features such as grayscale intensity values 
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and morphological image processing [36], [120], we intend to derive a spatio-temporal processing 

scheme [125], [171] by using some advanced features, i.e., multi-scale information [122], multiple 

instance learning [57], and sparse representations [86], [91], [123], [158] on multi-class object 

classification from aerial datasets by using unsupervised feature learning [143], [175], [192]. With 

reference to some other approaches on feature-based front-vehicle detection [143] and information 

security related classification schemes, i.e., real-time threat detection [136], quasi-cliques analysis 

[9], and anomaly behavior analysis [110]. We also intend to develop a 3D motion filter with 

reference to some latest approaches [22], [35]-[37], [71], [89], [100], [101], [103], [115], [117], 

[150], [162], [163], [171], [178], [190], [192] for small object detection and aerial vehicle detection 

[21], [34], [38], [72], [100], [164], [181], [185], [197], [199], as well as the tiny target visualization 

and recognition [15], [18], [19], [22], [43], [63], [83], [112], [125], [143], [148], [150], [156], [167], 

[174], [175], [188], [191], [198], [201], [202] for video surveillance. 
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CHAPTER 6: LEARNING-BASED FRAMEWORK FOR OBJECT RECOGINITION 

 

In this chapter, we present our approach and experiments on a small branch of object recognition, 

which involves calibrating and recognizing vehicle license plates followed by segmenting their 

characters. We make use of the “object” to reference vehicle license plate images and their related 

characters, which are digits or alphabetical letters. Classical image analysis methods and machine 

learning based schemes work for this research topic, while quite a few subsequent studies employ 

various learning-based framework to handle this task. We start from understanding basic systems, 

then establish our research study on vehicle license plate recognition and character segmentation. 

Regarding the technology of designing license plate recognition systems (LPRS), tilt correction 

and character recognition on vehicle license plate images [4], [55], [144], [207] stand for a classical 

research problem, which is essential for constructing smart transportation systems [77], [144]. In 

computer vision domain, LPRS exploits a variety of algorithms for pattern recognition to obtain 

information contained on vehicle license plates [49]. Take the smart recognition systems as an 

example [49]: digital image analysis techniques are often employed for character segmentation 

[17]. When designing a typical LPRS, the procedure of performing image analysis often requires 

five major steps: preliminary processing, edge detection, vehicle license plate detection, character 

segmentation and identification [49]. In our study, we tackle this research problem is the following 

scenarios [49]: Firstly, the bilinear interpolation is employed to compensate the existing rotation 

and offset issues on a vehicle license plate. After completing the calibration step, a conventional 

approach named as chaotic particle swarm optimization (CPSO), is performed to obtain accurate 

estimations when locating these characters of license plates, as if the lean angles of a license plate 

are adjusted. We present the workflow of our LPRS and show its crucial components, then derive 

an improved CPSO scheme on segmenting characters. Some experiments were established on the 

operation time and iterations for the improved scheme in contrast to original CPSO [108], [144]. 

Two personal vehicle license plates and ten other calibrated license plates were used as test samples 

for conducting our experiments [49]. 
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6.1 Related Work 

In general, the ideal shape of vehicle license plates in a captured image, are rectangular, which 

may facilitate subsequent processing. In actual daily life, due to the unaligned camera position and 

angles along with the moving of vehicles, tilted license plates in the captured image are universal 

on our real-time traffic scenes. As a result, performing character segmentation from such kind of 

uncalibrated images, is often detrimental [49]: not only resulting in erroneous character recognition, 

but also undermining the accuracy of LPRS [17]. Hence, a pre-processing step on tilt correction, 

is often mandatory before performing character segmentation on vehicle license plates, which had 

been specified by a few classical schemes, i.e., see [17], [77], [179], and their references therein. 

With respect to the fundamental theory, methods and algorithms in the field of computer vision, 

we may categorize classical techniques on license plate tilt correction in the following groups [49]: 

i) the Hough transformation-based method [17], [191], where a license plate frame is obtained 

through Hough transformation to determine the largest region in an image; by this method, all 

coordinates of the four corners of an license plate are extracted while the distortions of images got 

aligned by applying spatial transformation via bilinear interpolation; ii) template matching scheme 

[108], due to some criterion on reconstructing a rectangular region via bilinear interpolation must 

be satisfied, the coordinates of four corners on a license plate can be searched and localized when 

matching a pre-defined template; iii) the projection-based method [179], which applies a linear 

transformation to calibrate the tilt of license plates, and compute the related local minimum and 

maximum feature points on the rectangle region; iv) point-to-point matching [191], which searched 

for central points of each character in a connected domain of license plates, then locate the specific 

rotation angles of the license plate area by fitting those points to a straight line. 

In the past few years, regarding the topics on detecting vehicles, localizing vehicle license plates 

and performing the related recognition tasks, a variety of feature extraction schemes [7], [10], [31], 

[52], [159], [191], had been derived and applied in the field of computer vision. However, some 

weaknesses prevalently exist among these schemes, and the relatively poorer contrast in intensity 

or uneven illumination of images, are pending for solution. After performing edge detection, many 
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initial errors may persist [49]: for instance, while applying the Hough transform, some peak points 

of a parameter space are likely to be dispersed and thereby leads to poor results, which resulted 

from some ambiguity in the contour of the frame of a license plate (e.g., some white cars have a 

white license frame) and common interference from noise and dirt. Also, regarding a projection-

based approach, the detection accuracy of license plates, decreases much faster in condition that 

smudge or noise is present on the image. Besides, consider the main procedure of converting RGB-

color images to grayscale frame and handling the binarization step, distortions such as adhesion, 

blurring and cracking, may often occur on the characters of a license plate. Hence, the performance 

of some point-to-point matching schemes [28], [177], were negatively impacted. 

In this chapter, the main set of work on our research study, can be summarized as follows [49]: 

We designed a learning-based framework to improve the performance of tilt correction in vehicle 

license plates. By adopting a common scheme on color edge detection (both horizontal and vertical) 

when computing the mean gradient magnitude in the horizontal and vertical directions, a rotational 

projection for the cross-angle was applied with respect to either horizontal plane or vertical plane, 

which was followed by performing bilinear interpolation towards calibrating the possible tilts on 

a license plate. We determined a balance between increasing interpolation artifacts and increasing 

the time of computation. Two personal vehicle license plates previously registered in the states of 

Minnesota and Arizona were selected to conduct the experiment. Meanwhile, another set of ten 

vehicle license plates, were selected for segmenting and recognizing the internal characters and 

conduct the related quantitative analysis. Furthermore, am artificial neural network (ANN) on a 

digital template library, was trained and got applied to a typical LPRS, where an improved chaotic 

particle swarm optimization (CPSO) scheme was presented for character segmentation in contrast 

to the Otsu thresholding-based scheme. Finally, we presented our discussions on a set of current 

unsupervised learning related approaches for larger-scale datasets (with several types of images 

on vehicle license plates) and prospected some specific orientations of our future study. 

 

6.1.1. Color Edge Detection 

Color edge detection extracts the horizontal and vertical lines of a license plate, where a variety 
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of classical edge detection operators may perform this function [49]: i.e., typically, the Sobel edge 

detector and its variational forms [29], [77], [144], were implemented for locating the edges of 

vehicle license plates. We compute the locating time for each vehicle license plates and calculate 

the average value when applying Sobel-edge detector and bilinear interpolation. Recall that in an 

RGB image, while minimizing computation is not a priority and we prefer to achieve more accurate 

edge detection, it is optionally applicable to convert the color vectors to another color space. 

Let C(i0, j0) stand for the RGB image color vector at pixel position (i0, j0) and the radius of 

window is 𝑤. A pair of vertical smoothing operators to perform local averaging above and below 

the pixel, can be defined as follows [49] 

𝑉∓(𝑖0, 𝑗0) =  
1

𝑤(2𝑤+1)
∑ ∑ 𝐶(𝑖, 𝑗)𝑗0+𝑤

𝑗=𝑗0−𝑤
𝑖0±𝑤
𝑖=𝑖0±1             (6.1) 

Similarly, the pair of horizontal smoothing operators can be expressed as [49] 

𝐻∓(𝑖0, 𝑗0) =  
1

𝑤(2𝑤+1)
∑ ∑ 𝐶(𝑖, 𝑗)𝑗0±𝑤

𝑗=𝑗0±1
𝑖0+𝑤
𝑖=𝑖0−𝑤           (6.2) 

Meanwhile, color gradient magnitude in the horizontal and vertical directions, are denoted as [49] 

𝐷𝐻(𝑖0, 𝑗0) = ‖𝐻+(𝑖0, 𝑗0) − 𝐻−(𝑖0, 𝑗0)‖                    (6.3) 

 

                    (6.4) 

where || . || denotes the Euclidean norm. 

The mean and standard deviation of DH are denoted as μH and σH, respectively, and similarly, 

(μV, σV) is denoted as the mean and standard deviation of DV. a binarization step is performed to 

acquire the horizontal edges EH and vertical edges EV from an image, which are expressed as [49] 

                    (6.5) 

                    (6.6) 

 

6.1.2. Bilinear Interpolation 

Typically, a valid geometric transformation to the image is crucial for tilt correction, which 
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means to retain a uniform rectangular sampling grid by performing spatial interpolation. In contrast 

to various transformation models, the simplest but least accurate is nearest-neighbor interpolation 

[108]; while higher-order interpolation shows better performance but at the penalty of booming 

computational cost [49]. To achieve a reasonable trade-off between accuracy and computational 

complexity, bilinear interpolation stands for a widely used method, where interpolation between 

four pixels is depicted in Fig. 6.1, and hence, it is really in need to interpolate the pixel color value 

at location (i', j') between its four neighboring pixels. 

 

٠A  (i, j)              D٠ (i, j + 1) 

                                   ٠(i’, j’) 

 

 ٠B  (i + 1, j)          C٠ (i + 1, j + 1) 

 

 

We compute the bilinear interpolation in the following formulation [49] 

𝐶(𝑖′, 𝑗′) = [𝐶(𝑖 + 1, 𝑗) − 𝐶(𝑖, 𝑗)](𝑖′ − 𝑖) +  [𝐶(𝑖 , 𝑗 + 1) − 𝐶(𝑖, 𝑗)](𝑗′ − 𝑗) + 𝐶(𝑖, 𝑗) +

[𝐶(𝑖 + 1, 𝑗 + 1) + 𝐶(𝑖, 𝑗) − 𝐶(𝑖 , 𝑗 + 1) − 𝐶(𝑖 + 1, 𝑗)](𝑖′ − 𝑖)(𝑗′ − 𝑗)  (6.7) 

 

6.1.3. Tilt-correction for Vehicle License Plates 

In general cases, interference on the position of vehicle license plates may include the road slope, 

suspension of license plate, and a snapshot angle between the camera and license plates [49]. As a 

result, any tilt generated for vehicle images, displays a style of perspective distortion. There are 

three modes on tilt on the tilted vehicle images, which are usually approximated as a parallelogram 

[49]: horizontal tilt, vertical tilt, and the combined tilt in both directions. Characters recall that a 

tilt angle α basically occurs between the level of license plate image and horizontal x-axis despite 

that no tilt in the horizontal angle exists, and hence, it is sufficient to perform tilt correction via 

returning rotation of a tilt angle α around the x-axis after calculating it. Regarding the case of 

vertical tilt, a dislocation of migration among the same row of pixels was implied [49]: an offset 

of dislocation can be corrected upon successful detection on a vertical angle β. Without loss of 

generality, when a license plate appears with both horizontal and vertical tilts, it is easy to show 

Figure 6.1. Interpolation between four pixels. 
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tilt correction for a horizontal angle α, and then estimate a vertical angle β to perform the related 

tilt correction from a vertical perspective. 

In the center of horizontal edges in an RGB-color image, two Cartesian coordinate systems were 

established as (x y) and (x' y'), where the lean angle between the two coordinate systems can be 

estimated as α. Depicting the statistics of image projection towards y-axis, while the lean angle α 

equals a horizontal tilt angle of the license plate, let the sum of four largest projection values be S, 

which may reach its maximum by rotating the coordinate system (x' y'). 

Checking the two RGB-color images as depicted in Fig. 6.2, the original image Fig. 6.2 (a) on 

the left, shows an angle α of license plate is measured as 7 degrees. By bilinear interpolation, this 

license plate is rotated in a counterclockwise direction for 6 degrees. The calibrated image output 

after tilt correction, is depicted in Fig. 6.2 (b), where the right image suggests that establishing the 

correction for vertical tilt of a license plate, requires pixel shift return of the same pixel. We set the 

height of a license plate as h, the vertical angle as β, the coordinate of any arbitrary pixels inside 

the license plate region as (i, j), and the adjusted pixel coordinate, is now updated as (i, jnew). Hence, 

in such two cases of positive and negative β, the expression of jnew, is formulated as [49] 

jnew = j + (i 1) tan β,     β > 0                  (6.8) 

jnew = j + (h i) tan ( β),   β < 0                  (6.9) 

    

(a)                                        (b) 

 

 
 

Applying Equation (6.7), the numeric color value of pixels, is calculated to perform bilinear 
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Figure 6.2. A color license plate before and after performing horizontal tilt correction: (a) origin with leaned 

angle = 7° (left); (b) calibrated output (right). 
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interpolation via estimating the adjusted pixel coordinates (i, jnew). The examples before and after 

performing calibration on another vehicle license plate, are depicted in four sub-figures in Fig. 6.3. 

   
 

 
 

 

 

 

6.1.4. Quantitative Performance Analysis 

To verify the efficiency of our approach, Table 6.1 shows a summary for the average location 

time and erroneous rate after a minimum of 10 trials for each image [49]: we justify that in eight 

output images out of ten, when applying a bilinear interpolation-based operator, shorter location 

time was used than those applying a Sobel operator on edge location and image scaling, while the 

rest two (image number: 2338 and 2352) display similar performance. When the degrees of lean 

angles are very trivial, the bilinear interpolation and Sobel operator, indicate close results when 

measuring their location time and erroneous rate, while the former performs better on average. 
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Figure 6.3. A color license plate before (left) and after (right) correcting positive and negative β-angles: top 

left one is with a negative β of 28°, bottom left is with a positive β of 10°; two subfigures on the right show 

calibrated outputs. 
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Table 6.1. The average location time (s) and erroneous (err.) rate by Bilinear interpolation-based and 

Sobel operator. 

Image Number (Num.) 
Location time / 

Bilinear 

Location time / 

Sobel 

Error rate 

(Bilinear) / % 

Error rate 

(Sobel) / % 

2337 0.95 1.23 2.3 5.0 

2338 1.87 1.68 1.6 3.2 

2341 0.24 0.51 0.8 2.6 

2343 0.86 1.07 5.6 9.1 

2345 1.23 1.42 3.7 6.2 

2346 0.64 0.81 2.4 4.2 

2348 0.92 1.15 0.9 1.0 

2349 0.75 0.96 1.8 3.4 

2351 1.30 1.58 2.2 4.7 

2352 0.98 0.89 1.3 3.6 

Average 0.96 1.20 2.26 5.07 

 

6.2 Proposed System for Vehicle License Plate Recognition (VLPR) 

 

6.2.1. System Structure 

Locating vehicle license plates, segmenting their characters, and perform accuracy recognition 

of each character on the plates, contributes to the three crucial segments of an LPRS [49]. Fig. 6.4 

depicts the flow chart of a typical LPRS [191], where the keynote tasks of each module are 

summarized as follows [49], [108]: 

(1) Acquire the original RGB-based color images. Since vehicle license plates are photographed 

from a digital camera or proceeded from other type of scanning equipment to obtain the required 

digital images, where their formats can be .jpg, .bmp or any other types on software processing. 

(2) Perform preprocessing on the raw images obtained from (1). It is often necessary to suppress 

noise and interference from the input image, which plays the role of filtering and smoothing, edge 

enhancing for those dynamically collected images. 

(3) Achieve accurate localization on the vehicle license plates. This step computes the projected 

area of an edge image, searches for its peak and valley points and thereby generally determines the 

location of a vehicle license plate. The algorithmic output may become the final plate region, after 

computing an aspect ratio inside the connected domains removed beyond a threshold range. 
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(4) Complete character segmentation. This step obtains each character on a vehicle license plate 

and makes them separately visible by detecting the location of characters via the selected projective 

scheme followed by applying an image segmentation method. 

(5) Construct the character database, which is preliminary for final recognition in Step (6). 

(6) Perform character recognition. The final step makes use of the Optical Character Recognition 

(OCR) algorithm (based on template matching) or an improved scheme on chaotic particle swarm 

optimization (CPSO) to identify the characters after applying some training procedures or using a 

classifier. The terminal outputs after the recognition step, must comprise three of the 26 capital 

English letters and four of the 10 Arabic digits (0~9) for vehicle license plates in a US state (i.e, 

those in Arizona), or the combination on one of the 32 Chinese characters, one of the 26 capital 

English letters, and five of the 10 Arabic digits (0~9) for vehicle license plates in China mainland. 

 

 

 

 

 

 

 

 

During the procedure of data transmission or format conversion, color images can be negatively 

influenced by many complicated factors, i.e., some distortion from optical systems, random system 

noise, insufficient or excessive exposure, and some relative motions, to name a few [17], [28], [49], 

[179], [191]. Most notably, these distortions are originated between primitive image and scenery, 

or between the output image and original image; such kinds of difference are called as drop quality 

or degradation; as a result, it is usually compulsory to proceed with a preprocessing step before 

applying an algorithm in either color images or grayscale images, where its crucial tasks mainly 

include noise elimination, image boundary enhancement and brightness intensification [49]. 

Original color images contain a great deal of useful information, which leads to huge occupation 

of storage space. On the other hand, during these operations, the systematic execution speed will 

also be encumbered. Hence, a complete workflow to perform object recognition, may often include 

Original Image Image Pre-processing License Plate Location 

Character Segmentation Character Database Character Identification 

Figure 6.4. The flow chart of a typical LPRS system. 
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the procedures of converting RGB-based color images into grayscale frames, performing edge 

detection, and exploiting some post-processing steps which may apply mathematical morphology 

to solidify the accurate location of a vehicle license plate [49]. 

In general, the specific procedures for such kind of method on digital image analysis, are briefly 

summarized as below [49]: first, perform gray-scaling to obtain binary images, and then use four 

by one structure elements to carry out image erosion to get rid of the image noise; the next step is 

to take a square of 25 × 25 structuring elements to perform closing operation and shape an image 

as connected to vehicle license plate region; finally, apply an image enhancement filter to remove 

other redundant information from the output of an image. 

 

6.2.2. License Plate Relocation and Database Construction 

Since the location of an image contour is quite close to the exact position of actual license plate 

after morphological filtering, the next step will deal with correct positioning of a vehicle license 

plate. Given the fact that an explicit rectangle pattern appeared inside the license plate region, can 

be observed upon completion of preliminary processing, the accurate positioning of a vehicle 

license plate, must be obtained by relocating such a calibrated rectangle region [49]. 

Typically, the procedure of relocating a vehicle license plate, consists of three major steps [49]: 

i) Trace and justify locations of the start row and the end row for a tested plate image. 

ii) Trace and justify locations of the start column and the end column for that plate image. 

iii) Merge the rows and columns together to relocate the specific vehicle license plate on test. 

Regarding the correct identification of characters on a vehicle license plate, it is crucial to build 

up an appropriate template library. Since a US vehicle license plate contains 6 or 7 characters 

among which the first three are capital letters and the rest are three or four digits [17], [49], [144], 

and many vehicle license plates merely require finite set of colors such as blue, white, black, red, 

purple, and yellow, it is quite convenient to build the library of character templates [49]. 

With respect to some prior works [169], [176], [191], a sample database for Arabic digits (0~9) 

and finite English characters on an image of a license plate, is depicted in Fig. 6.5 [49]. 
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Figure 6.5. Database of the template library for limited English letters and Arabic digits. 

When we construct the database of character template, a process of normalization must be taken 

towards these images [191]. An optimal aspect ratio of 2:1, were measured from the segmented 

images of license plate, and hence, these images can be normalized to a size of 50 × 25 pixels 

[49]: consider the following recognition scheme followed by using a backpropagation (BP) neural 

network algorithm to perform character identification, where a training example of our template 

database library is depicted in Fig. 6.6. The normalized samples of template images, need to be 

arranged side by side to construct a matrix sample of 1250 × 18. 

 

6.2.3. Character Segmentation and Recognition 

During the procedure of performing automatic recognition to identify vehicle license plates, 

segmenting characters plays a keynote role of building on the past and preparing for future use 

[49]. Taking the division of characters (with respect to the former positioning license plates) into 

account, it exploits the results of segmentation to identify any possible digit or character in system. 
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Figure 6.6. An example of neural network training of the template database library for characters. 

The OCR algorithms on an RGB-based color vehicle license plate, can be generally categorized 

into two groups [49]: the template matching-based OCR and artificial neural network (ANN) based 

OCR. The former performs binarization for each character to be identified, adjusts its size to match 

template on character database and then picks up an optimal matching outcome. The latter fully 

utilizes the characteristics of neural networks, handles the images straightly into delivery of a 

network for automatic feature extraction followed by object recognition. Our work mainly focuses 

on the ANN based schemes to identify these characters of a vehicle license plate. 

It is usual to see the number of a license plate after the first set of training errors occur; hence, 

it is necessary to train multiple times to correct erroneous recognition of the characters in a license 

plate. We may repeat this step with respect to the requirement of character recognition [49]. 
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A decent choice on vehicle license plate recognition is often made by multiple attempts and 

through comparing some results. A second point lies that the process of program tests, which may 

demand a lot of patience to examine out each mistake. 

Experiments indicate that our design has two explicit advantages [49]: 

i) Full exploitation of the existing template database library of MATLAB functions, makes the 

whole process of program design simple and easy for implementation. 

ii) Adopting MATLAB user-defined functions to ensure the brevity of our program design. 

Limitations and weaknesses on the proposed LPRS are also presented as follows [49]: 

i) Program limitations: The procedure of recognition can be only oriented on a single vehicle 

license plate; it might not be viable to identify the construct elements within a more complex image. 

ii) Neural network training takes more than 30 seconds to proceed to the recognition of a next 

character, which results into relatively lower efficiency. 

iii) Efficiency of program running is dependent on the software environment, which has negative 

impacts on the accuracy of license plate recognition. 

 

6.3 Improved Particle Swarm Optimization for Character Recognition 

 

6.3.1. The improved CPSO scheme 

The algorithms of particle swarm optimization (PSO) [66] and its adaptive variations [180] have 

been recognized as an optimization algorithm based on group intelligence [191]. The crucial ideas 

of PSO are to search for an optimal solution via cooperating and sharing a parent population among 

individuals of a group [28], while several variations of PSO had been reported in [27], [30], [54], 

[140], [177], [180] in the last two decades. 

Typically, PSO requires a step of initialization, where the parameters are chosen as follows [49]: 

let Iv and Ip represent the initial velocity and position of a particle, respectively; the particle swarm 

population scale n = 20, and the particle swarm each particle Iz is set as two-dimensional (2-D), Iz 

= (Grey, AvgGrey), where Grey and AvgGrey stand for grey level and average grey level (on each 
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population group after PSO) for 2-D histogram of a grayscale image, respectively. 

Given a chaotic particle group of segmented characters, major steps of specific implementation 

on the improved CPSO scheme, can be depicted as follows [49]: 

Step 1: Initialization. For every species of any particle I, where I = 1, 2, ... , 20. 

Step 1.1: randomly initialize both Iz and Iv. 

Step 1.2: calculate Iw = fitness(Iz), and make Ip = Iw, where fitness function Iw is oriented for 2-

D histogram image target class and Shannon entropy of the sum background. 

Step 1.3: search for the fitness value in a population with an optimal particle position vector 

initialized to its global position gp, which corresponds to each particle group. 

Step 1.4: perform an initialization step of Iz for Ip with respect to the updated fitness value and 

its global position. 

Step 2: Iterating. The conditions on iterative termination are described as follows: we take the 

iterative cycle repetitively, until it reaches a lower value comparing to the minimum threshold 

specified as below. 

Step 2.1: pick up the initial weight factor ω as ω = 0.7. 

Step 2.2: for each particle, calculate the fitness value of fitness (Iz). If the fitness(Iz) < fitness(Ip), 

then Ip = Iz. 

Step 2.3: search the value of gp: if fitness(Ip) < fitness(gp), then gp = Ip. 

Step 2.4: determine whether each particle indicates the stagnation Fi. Let us take the following 

criteria to evaluate any difference between Fi and the optimal function Fp-opt: 

ΔFi = (Fi ‒ Fp-opt ) / Fi , w.r.t. ΔFi < D, counter = Nc            (6.10) 

where D stands for the predetermined constant threshold, Nc represents a predetermined constant. 

Assume that iterations of continuous times did not satisfy the conditions ΔFi < D, then jump to 

Step 2.5; otherwise, take the particle movement stagnation Fi into the process of chaotic searching, 

which is described as follows: 

i) set up the current iteration counter as Gc = 1, and the maximum iterating times as Nmax. 

ii) produce chaotic sequence, and then make it amplified to optimize value space. 
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iii) compute the fitness function and update the optimized function fitness(Ip) and position Ip. 

iv) update iterative counter Gc = Gc + 1, and then jump back to step 2.1) until the Gc > Nmax. 

v) determine an ultimate position Ip and speed Iv, then replace the particle of its original position 

and speed. 

Step 2.5: update numerical values of Iv and Iz for each particle with respect to Equation (6.10). 

Step 3: If the convergence criteria is satisfied, then stop iteration; otherwise, return to the start 

of Step 2 and proceed. 

 

6.3.2. Quantitative Analysis on CPSO 

We compare the improved CPSO scheme to the original chaotic PSO scheme [177] using the 

same OTSU method to perform the same character recognition task on each image. The two 

schemes with respect to their operation times and iterations (Iter.) are shown in Table 6.2 [49]: the 

numeric averages in the last column suggest that average operation time of our proposed CPSO is 

0.71 s, which is 0.12 (sec.) faster per color image than that of original CPSO (0.83 s), while Yin et 

al’s scheme [177] requires an average of 12.8 times on iteration till convergence. Given its average 

of 7.7 vs. 12.8 on iteration times, the proposed CPSO indicates better performance on comparison. 

Table 6.2. Improved CPSO and original CPSO with OTSU thresholding with respect to run time (s) and 

iterations. 

Image Number CPSO Improved 
CPSO / 

Iterations 

Improved / 

Iterations 

2337 0.81 0.61 16 11 

2338 0.83 0.68 11 15 

2341 0.91 0.69 10 8 

2343 0.88 0.78 19 6 

2345 0.92 0.79 6 12 

2346 0.75 0.58 18 2 

2348 0.77 0.67 20 4 

2349 0.83 0.73 8 8 

2351 0.83 0.78 15 7 

2352 0.80 0.80 5 4 

Average 0.83 0.71 12.8 7.7 
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6.4 Unsupervised Learning for VLPR 

  In this subsection, we present our discussions on unsupervised learning and convolutional neural 

network (CNN) based schemes [9], [136] to improve the recognition rate of vehicle license plates 

using worldwide applicable template library; we also present a brief study on recent advances to 

reduce the training time and improve memory usage by adopting parallel computing scenarios and 

graphical processing units (GPU) [48], [70], [184], where our statements are shown as below [158]: 

Since deep neural network-based schemes may exploit deep CNN model to extract some high-

level discriminative features, while most of their strategies are unsupervised learning oriented, and 

hence, it may enable the research tasks on computer vision such as license plate detection, semantic 

segmentation and the character recognition in a typical LPRS. Given the fact that research topics 

on detection and recognition may call for different solutions, two categories of approaches are 

often used, i.e., applying a unified framework to display performance in an end-to-end manner, or 

adopting a cascaded framework which optimizes each component for specific tasks and link their 

functions in a cascaded manner. The remaining issues address the trade-off between speed and 

accuracy in the designing process, while leaving an open question on both efficacy and efficiency. 

That is regardless which type of framework (i.e., single-image super resolution (SISR) or multi-

frame super resolution (MFSR) based) being selected to improve the visual performance of vehicle 

license plate recognition (VLPR) in the required LPRS [149], [170], [183], [207]. 

  Given the fact that quite a few shortcomings still exist in the system design, for instance, larger 

input size images may result into the booming time on inference while smaller-size images hinder 

the accuracy of recognition due to missing details on characters; some other RNN-based schemes 

demand compact design on framework and their inference speed also got staggered by extra time 

on character segmentation; besides, the aforementioned techniques on tilt correction is also task-

specific, which could be unavailable for the unified approaches on framework; regarding these 

shortcomings which undermine good performance on detection and recognition, future attention 

on GPU-based optimization strategies, as well as the progressively improved semi-supervised or 

weakly supervised machine learning models, prospect some possible orientation in our future study. 
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6.5 Discussions and Concluding Remarks 

In this chapter, we have proposed a bilinear interpolation model on tilt correction of license plate 

in RGB-color images compared to typical edge detection operator-based schemes. This scheme 

combines the horizontal / vertical color edge detection with rotational projections of a license plate, 

then estimate to calibrate the incline angles by means of bilinear interpolation rotation and offset 

correction. Regarding the vehicle license plates after segmentation, our bilinear model displays 

comparatively less location time and lower erroneous rate comparing to those results obtained 

from a Sobel edge operator. Meanwhile, vertical character segmentation has been achieved by 

utilizing vertical projection combining prior knowledge constricts via neural network training of a 

template database library. To obtain an optimal threshold in character segmentation, we have 

improved the chaotic particle swarm optimization (CPSO) scheme by updating a set of crucial 

parameters on its fitness function and optimal function, which may indicate shorter average 

duration on operation and iterations in contrast to those of conventional PSO related schemes [177]. 

As future work, we plan to develop a comprehensive framework for image quality assessment 

(IQA), which should include four common factors such as resolution, sharpness, brightness and 

contrast [210], and apply common metrics for aligned VLP recognition, i.e., detection accuracy, 

false positive rate, the plate segmentation rate, correct character recognition rate, as well as some 

other enhanced measures [4], [210]. Some other potential problems are the bottleneck of enhancing 

object recognition accuracy of sample images, refreshing the model from very challenging datasets 

for vehicle license plates, dealing with some trade-off among time consumption and software 

implementations, as well as enhancing the actual object recognition accuracy of larger-scale image 

data. These are still quite difficult to achieve ideal results for practical design of these LPRS. We 

also plan to present a machine learning based recognition framework when applying a joint scheme 

of deep learning-based network model LeNet-5-L [149] with multi-frame super-resolution (MFSR) 

to improve the performance of vehicle license plates recognition. 
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CHAPTER 7: CONCLUSIONS AND FUTURE STUDY 

 

This Ph.D. dissertation represents an integration of research work in two main topics: one is 

single-class vehicle detection, counting, and classification, the other is multi-class object detection, 

classification and recognition. The concept of “object” has broad applications to different type of 

vehicles in wide-area aerial imagery, and vehicle license plates in multiple datasets of various 

image resolution. The algorithms developed in our research, include both conventional and state-

of-the-art approaches in the cross area of digital image analysis, computer vision and pattern 

recognition, as well as machine learning. The three post-processing schemes we have derived on 

object detection, are on the foundations of saliency enhancement, geometric measure, grayscale 

intensity, temporal motion analysis, and spatial processing applying mathematical morphology. 

The machine learning based approaches perform a few different roles in each topic and have the 

following characteristics: i) merging some deep learning-based elements for multi-class detection 

and classification on small objects, which improves detection accuracy when presenting to vote 

for a near-optimal post-processing scheme; and ii) exploiting high-level features in “context” from 

pre-trained models for performance analysis. A concise summary of our accomplished research 

study, discussions on some opening problems and limitations of our study, as well as the possible 

research orientations of our future study, can be summarized in the following subsections. 

 

7.1 Summary of Contributions 

The main contributions of this Ph.D. dissertation can be summarized as follows: 

i) Derivation of post-processing schemes that resulted in performance improvement for single-

class based detection and classification on aerial vehicles: Regarding single-class vehicle detection 

and classification using wide-area aerial video datasets, we have developed three representative 

post-processing schemes [43], [46], [48] to improve vehicle detection accuracy via three type of 

metrics: basic IR metric [105] and CLEAR metric [65], and a set of enhanced measures such as 

the weighted Fβ measure (Fbw) [96], the structural similarity index measure (SSIM) [35] and the 

enhanced alignment measure (EAM) [33]; our performance analysis [46] was conducted using a 
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wide range of sample aerial videos (including five self-collected local datasets and three public 

datasets) where the proposed post-processing did not rely on the expected vehicle size, and the 

spatio-temporal information got employed on our study. For each of the post-processing schemes 

we derived, the classification results show the validity and efficiency on reducing false positives 

when evaluating feature extraction algorithms on aerial vehicle detection; the visual performance 

indicates the outcome of vehicle detection before and after applying our proposed post-processing 

scheme, and the contrast on quantitative scores measure the degree of improvement on each post-

processing scheme towards a specific algorithm. 

ii) Establishment of an integrated approach on multi-class object detection and classification: 

applying three low-resolution wide-area aerial datasets (Tucson, Phoenix and online VEDAI), we 

have successfully linked the research task with post-processing schemes combined with either 

feature extraction or machine learning-based aerial object detection and segmentation algorithms, 

where the purpose of our study is to vote and select the best post-processing scheme for multi-

class object detection and classification. In the uplink of our experimental design, we have studied 

the combinations of ten algorithms with seven post-processing schemes, where the best three 

schemes are voted for each algorithm using average F-score as the evaluation metric. The post-

processing schemes were classified in two groups to enter the tests of downlink: a two-stage 

learning scheme was adapted by applying FC-DenseNet 103 to perform the classification task and 

combined two groups of post-processing scheme to improve detection accuracy and evaluate the 

degree of improvement in the online VEDAI dataset. All the related tests are in absence of spatial 

pixel connectivity among each frame, where the three highest average F-scores after applying 

selected post-processings, reached 0.902, 0.704 and 0.891 for Tucson, Phoenix and online VEDAI 

datasets, respectively. Combined the quantitative scores before and after post-processing, we have 

justified that MTAP scheme is best on improving the performance of aerial object detection at the 

current stage, achieving an average mean average precision (mAP) of 63.9% for ten feature 

extraction-based algorithms and the highest mAP of 82.8% for our machine learning based 

approach. The experiments were performed via Python in Google Colab Pro and MATLAB 
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R2019b, where the enhancement on detection accuracy, balance between mAP and time cost, as 

well as the outcome from ablation tests, support both the validity and efficiency of our approach. 

  iii) Development on a learning-based object recognition framework for vehicle license plates: 

By investigating CNN-based approaches for character segmentation and recognition in sample 

vehicle license plates, we have evaluated the performance of both conventional and CNN-based 

methods, obtained the visual results for tilt correction and character recognition in a typical license 

plate recognition system (LPRS). We have constructed a bilinear interpolation model to combine 

the horizontal / vertical color edge detection with some rotational projections of a license plate, 

then calibrate the incline angles by means of bilinear interpolation rotation and offset correction. 

After then, we have exploited vertical projection combining prior knowledge constricts via neural 

network training of a template database library to segment vertical characters. Meanwhile, we have 

improved the chaotic particle swarm optimization (CPSO) scheme to acquire an optimal threshold 

in character segmentation. The benefits of our approach are the successful calibration on sample 

tilt vehicle license plates with less erroneous recognition rate, and shorter average duration on 

operation and iterations from the improved CPSO scheme. 

 

7.2 Summary of Future Research Challenges 

  Currently, there are some challenging issues on single-class object detection and classification 

as well as multi-class object detection and recognition, which can be specified as follows: 

i) Performance metrics lack quantitative analysis on splits (S) and merges (M). Up till now, we 

haven’t inspected any uniform quantitative scores from the published work, which are fairly 

capable of calculating those second type of classification errors; meanwhile, the set of enhanced 

measures involved for performance analysis on object detection are still incomplete. 

ii) Despite that the highest improved average score is close to 0.90 in Tucson and online VEDAI 

datasets, the highest score of mAP after applying our MTAP scheme has reached 82.8%, and the 

proposed spatio-temporal processing scheme may reduce about 90% false detections on average, 

all the existing and our derived post-processing schemes have a trade-off on losing some TPs. 

Besides, we still need to solve some difficult tasks, i.e., the failure case for some specific object 
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detection algorithms, unavailability of handling large datasets and computational complexity 

issues. 

iii) While some learning-based schemes are widely applicable in this set of research topics, the 

improved accuracy at 85.0 % seems to be a bottleneck for the online VEDAI dataset (size 512 × 

512 in spatial resolution), we intend to achieve even some “tiny” and “marginal” contributions for 

the upgrade of performance. Besides, the major shortcomings of some current machine learning 

based technology are also transparent: none of the current schemes are perfect in condition that 

image resolution is quite low, neither did the algorithms we previously studied on object detection 

and segmentation for wide-area aerial video; some post-processing schemes may fail to work when 

inter-frames have no spatial connectivity; some of the latest deep learning-based schemes, display 

relatively complex architecture, besides, they also demand quite a lot of runtime memory and the 

booming time cost on training data, etc. 

iv) Regarding multi-class object recognition on vehicle license plates, we have investigated that 

the best results may achieve over 99.5% on recognition accuracy for some common datasets, while 

the highest improvement is less than 85% for some challenging datasets. We intent to derive a joint 

approach by combining LeNet-5L model [149] and multi-frame super resolution (MFSR)-based 

segmentation scheme [185] for enhancing the resolution of vehicle license plate images and object 

recognition accuracy, which also needs to be robust upon handing some special license characters. 

However, the imbalanced object recognition performance cross different datasets may call for 

further update on our approach. 

 

7.3 Future Research Directions 

Regarding single-class based vehicle detection, counting, and classification in wide-area aerial 

video, the main research tasks to be investigated in the future, can be specified as follows: 

i) We intend to design a motion filter with reference to some deep learning-based approaches 

for object detection [12], [14], [87], [121], [161], [175], [194], visualization in wide-area aerial 

imagery [39], [44], [71], [122], [123], [147], [156], feature extraction-based front-vehicle detection 

[171], complexity analysis [50], [136], [187]-[189], as well as several information security related 
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classification schemes such as anomaly behavior analysis [110] and quasi-cliques analysis [9]. 

ii) We should improve the MTAP scheme on post-processing, measure current updates of PWC 

scores on alternative datasets with relatively simpler features, increase the execution efficiency on 

vehicle detection by referring to feature based front-vehicle detection [171] and some information 

security related classification schemes [9], [107], [109], [134]-[136]. 

iii) We need to consider a parallel design for spatio-temporal processing via a high-performance 

computer [184], [203] to decrease the computation time and enable us to compute larger datasets. 

We also suggest improving the adapted MMA algorithm by adding a frame differencing method 

as a pre-processing step, then exploiting better multi-scale feature selection to improve average F-

score with reference to some of the latest models [14], [21], [34], [38], [72], [74], [78], [79], [98], 

[100], [135], [139], [160], [164] on object detection, and employ the potentialities of improving 

our proposed post-processing schemes [39], [43], [46], [48]. 

iv) By proving the relations between average F-score and size of structuring element [76] using 

aerial frames of various spatial resolutions, we intend to promote spatio-temporal processing with 

reference to a few newly developed object detection networks on the accurate object detection with 

regional proposals, visual perception, small target visualization and recognition [3], [23]-[25], [75], 

[76], [90], [92], [115]-[117], [129], [168] and take concerns of speed-up strategy [64], [174], [184], 

[203] on real-time aerial video surveillance. 

 

Regarding multi-class-based object detection, classification and recognition, several aspects are 

represented as candidates for our further research investigation, where the research plans can be 

pursued in three manifolds: 

i) After applying the two-stage machine learning approach [61] on multi-class vehicle detection  

and the updated learning model, we should evaluate one or two appropriate deep learning-based 

scheme(s) to enhance the accuracy of vehicle detection. When facing up with larger datasets (i.e., 

containing 10,000 images or more) other than VEDAI, our research plans are in two manifolds: 

firstly, exploit a few efficient GPU-based acceleration strategies in Google Colab Pro to address 

the increased computational demands. Secondly, combine our previous study on deep CNN-based 
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schemes and implement its variations to some of the research topics as mentioned above. We may 

step further to measure performance enhancement after updating the architecture of our proposed 

workflow on multi-class detection and classification on small objects, which are compatible for 

each branch of topic with some latest technology. 

ii) To handle some datasets with relatively larger scale and heavy time cost on training samples, 

we aim to apply DCNN-based networks [71], [111], [138], [142], [175] which jointly handles the 

research task of aerial vehicle detection and small-size object recognition such as vehicle license 

plates and characters, where the segmentation tasks combine the schemes of multi-scale feature 

analysis, deep learning and unsupervised domain adaptation [63], [69], [71], [95], [111], [134], 

[135], [152], [190]. GPU-based optimization strategy [70] may accelerate the detection task since 

larger datasets require high performance computing environments. 

iii) We aim to implement some multi-task learning-based approaches to prior research topics, 

showing its superior performance and in contrast to those results obtained by non-learning based 

conventional methods. Some other hybrid approaches in the computer vision field, i.e., multi-scale 

structure information [122], multiple instance learning [57], and sparse representations [86], [91], 

[123] are also proposed in our prospective study. The subset of methods from unsupervised, semi-

supervised, and multi-task feature learning strategies [136], [143], [175], [192] will be beneficial 

in providing better technical tools for multi-class object detection and classification, as well as the 

related topics of image and video processing on cyber security [51], [205], intrusion detection [62], 

[68], and artificial intelligence (AI) applications in diagnostic medical imaging [41], [42], [151]. 
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