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Erratum to: SIViP DOI 10.1007/s11760-019-01592-4 

1) In the original publication, the co-authors’ names were omitted. The correct list of authors is 

the following: 

Xin Gao1, Sundaresh Ram2, and Jeffrey J. Rodríguez1 

1 Department of Electrical and Computer Engineering, The University of Arizona, Tucson, AZ, 

USA 

2 Department of Radiology, Department of Biomedical Engineering, University of Michigan, Ann 

Arbor, MI, USA 

2) Change “binary masking” to “filtered dilation” in Section 3 at item (1), in Table 3, in Figs. 6-7, 

and at the two occurrences in the text of Section 5. 

3) In Section 3, in the Step 1 paragraph, revise the third sentence as follows: 

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. 

4) In Section 4, reword Step 5 as follows: 

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

5) In Table 1, change “Time/s” to “Time (s)”. 

6) In the Table 3 caption, change “10  10” to “100”. 

7) In the Fig. 4 caption, change “left” to “top” and “right” to “bottom”. 

8) Delete Fig. 5 and Table 2, along with the paragraph in Section 5 which refers to them, and delete 

the last clause of the third sentence in Section 6. 

9) Add the following references: 

46. Ram, S., Rodríguez, J. J.: Vehicle detection in aerial images using multiscale structure 

enhancement and symmetry. In: 23rd IEEE International Conference on Image Processing 

(ICIP), pp. 3817-3821 (2016) 

47. Ram, S.: Sparse Representations and Nonlinear Image Processing for Inverse Imaging 

Solutions. Ph.D. Dissertation, Department of Electrical and Computer Engineering, The 

University of Arizona, Tucson, AZ, USA (2017) 

http://doi.org/10.1007/s11760-019-01592-4
http://doi.org/10.1007/s11760-019-01592-4
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Abstract—In this paper, we present a post-processing 

scheme to improve the performance of vehicle detection 

in wide-area aerial imagery. Using low-resolution aerial 

frames for the performance analysis, we adapted nine 

algorithms for vehicle detection. We derived a three-stage 

scheme to measure performance improvement on five 

selected object segmentation algorithms before and after 

post-processing. We compared automatic detection 

results to ground-truth objects, and classified each type of 

detection in terms of true positives, false negatives, and 

false positives. Several evaluation metrics are adopted for 

the experimental study. 

Index Terms—Vehicle detection, segmentation, post-

processing, aerial imagery, overlap matrix. 

 

1. Introduction 

In computer vision, object detection in wide-area aerial 

imagery [1-6] represents an initial, primary and 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 domains, 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 

[1, 5-7]. 

Due to low resolution of 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 

vehicle detection in all traffic scenes. In this paper, we present 

a comparative study of nine automatic algorithms [7-16] 

adapted for vehicle detection in low-resolution aerial imagery. 

We took hundreds of low-resolution wide-area aerial images 

(recording vehicles on cropped traffic lanes) from two sample 

datasets. 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 refer to the two sample 

datasets as T-set and P-set, respectively. The low-resolution 

camcorder in a helicopter follows the motion of moving cars 

and tracks them in a single direction. The spatial resolution 

of raw, unregistered frames is uniformly 720 × 480 pixels. 

Manual segmentation with ideal rectangles of every vehicle 

in each image serves as the ground truth, which comprises 

4012 and 4060 vehicles (all in rectangular shape) for T-set 

and P-set, respectively. We evaluate the detection errors [5, 

17] on grayscale images from the sample datasets with 

respect to the ground truth, and provide quantitative results 

[5, 18-20]. 

We individually optimize the vehicle detection methods 

when testing aerial frames. Since post-processing is usually 

necessary to reduce false detections, making a balance 

between improving average F-score and computation time is 

worthwhile to study. Major contributions of our work are 

summarized as follows: i) we implemented and adapted nine 

automatic segmentation algorithms on vehicle detection in 

wide-area aerial imagery, and created an automatic labeling 

policy on an overlap matrix so as to classify each type of 

detection; ii) we derived a three-stage post-processing 

scheme, including pre-sieving by area thresholding, 

morphological closing, and conditional sieving with respect 

to compactness; in contrast to five previous post-processing 

schemes, the proposed scheme yields better performance; iii) 

we measured the degree of improvement when combining 

each of five selected algorithms with the proposed post-

processing using several quantitative metrics. 

 

2. Automatic Detection Algorithms 

Accurate object detection is highly dependent on feature 

extraction under a certain measure, e.g., geometry, intensity, 

or multi-scale characteristics. The nine automatic algorithms 

we adapted for vehicle detection can be categorized into the 

following groups: i)  filtering-based methods such as the 

spectral residual (SR) approach [8], Laplacian template (LT) 

[11] combined with a zero-crossing filter [13]; ii) shape-

based object segmentation methods such as fuzzy logic (FL) 

based vehicle detection [10], adaptive segmentation via 

variational minimax optimization (VMO) [12], feature 

density estimation (FDE) [7], and morphological filtering 

(MF) using grayscale top-hat and bottom-hat transformation 

[5, 16, 21, 22]; iii) multi-scale approaches such as wavelet-

transform modulus maxima (WMM) with adaptive dual 

thresholding [14], subpixel location with partial area effects 

(SL-PAE) [15], and texture region feature extraction (TR-FE) 

by constructing Gaussian feature pyramids [9]. By adapting 

nine automatic object detection and segmentation algorithms 

mailto:jjrodrig%7d@email.arizona.edu
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with parameter adjustments, we studied their performance on 

vehicle detection using raw, unregistered grayscale aerial 

images. 

 

3. Post-Processing: The Proposed Three-Stage Scheme 

In wide-area aerial vehicle detection, post-processing is 

often required to reduce false positive rates. Although some 

post-processing schemes improved performance in prior 

algorithms [5], they still resulted in a high percentage of 

wrong classification. Five existing post-processing schemes 

are typical: 

1) Filtered dilation [23]: 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 [24]: 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 [25]: a parameter of shape 

index (SI) is 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 

is excluded. 

4) Sieving large objects and removing small objects with 

morphological opening [16, 19]: this scheme uses an area 

threshold of 2000 pixels to discard any detection greater than 

the largest vehicle, then applies morphological opening with 

a structuring element of 5-pixel radius to drop small objects 

less than 10 pixels in width. 

5) Sieving and closing [5]: our two-stage scheme, which 

comprises a sieving process using two area thresholds (in 

pixels) to drop objects outside the range, A ϵ [tlow, thigh]), and 

morphological closing 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. 

For our low-resolution aerial images, the above post-

processing schemes are not sufficient to eliminate detection 

errors. Therefore, to improve performance we have derived a 

three-stage scheme for better post-processing after rough 

detection as depicted in Fig. 1. 

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 filtering. A closing operation is 

used for shape smoothing, filling small holes within objects, 

and reducing errors. A 3×3 structuring element is applied to 

perform morphological closing. 

Step 3. Sieving with respect to the compactness measure 

[30]. The compactness C of a region is defined as [4] 

 
C =

L2

 4πA
 (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 3. Retain any detection with compactness in the range 

[Csmall /2, 2*Clarge]. 

The detection algorithms and post-processing schemes 

were tested on a personal computer with an Intel Core i7-

4710U 2 GHz CPU with 12 GB RAM. We used MATLAB 

R2018b to conduct performance analysis and measure 

computation time for the experiments. 

 

4. Performance Metrics 

To study the object detection results of an automatic 

algorithm, we perform 8-connected component labeling of 

binary detection outputs, then compare the overlap between 

each detection and the ground truth of objects. Each detection 

can be classified as follows [5, 6, 26]: 

1) True positive (TP) is a correct detection. If a few 

detections intersect the same ground truth object, then only 

one TP is counted. If a single detection intersects multiple 

ground truth objects, then only one TP is counted. Both cases 

of TP refer to the one having the largest overlap. 

2) False negative (FN) is a detection failure, indicated by a 

ground truth object failing to intersect any detected object. 

3) False positive (FP) is an incorrect detection, indicated 

by a detection that does not intersect any ground truth object. 

In similar ways to the procedure of region matching [26], 

we evaluate each algorithm by creating an overlap matrix 

(Ovlp) representing the overlap between all detections and all 

objects. Major steps for classifying detections are presented 

below. 

                              Rough Detection                                                        Proposed Three-Stage Post-Processing 

  

 
 
 
 
 
 

Fig. 1. Optimized detection network on aerial vehicles: rough detection followed by the proposed three-stage post-processing. 
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Step 1. Construct the Ovlp matrix, which represents the 

overlap between each ground truth object and each detected 

object. Let the regions of each manual ground truth object and 

automatically detected object be denoted as Mi and Aj, 

respectively. (If the number of objects touched by an 

automatic detection consists of more than one region, the 

percentage of overlap for each match is recorded in the Ovlp 

matrix.) Each element of the Ovlp matrix can be calculated 

as [6] 

Ovlpij =
M

i
 ∩ Aj

M
i
 + Aj −M

i
 ∩ Aj

 × 100%         (2) 

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.  

We use a set of quantitative measures with statistical 

confidence interval (CI) to evaluate nine detection methods. 

Basic information retrieval metrics include precision, recall 

and accuracy [5, 17-20], which are oriented for image 

evaluation. The percentage of wrong classifications (PWC) 

[17] is the ratio of false detections and missed objects to the 

sum of detections and missed objects, which is defined as 

PWC =
 FP + FN 

 TP + FN + FP + TN 
× 100%      (3) 

Note that TN = 0 since we are doing object-level error 

analysis rather than pixel-level error analysis. 

With respect to the saliency map of an image, the 𝐹𝑘 

measure is calculated as [2] 

         Fk =  
(1 + k2× Precision × Recall)

k2× Precision + Recall
        (4) 

When k = 1, the 𝐹1 measure is identical to the F-score, the 

harmonic mean of precision and recall, such that Eq. (4) is 

simplified as 

F = 2TP

2TP + FP + FN 
                      (5) 

Another measure of the quality of binary classifications is 

Matthews’ correlation coefficient (MCC) between prediction 

and observation, which is formulated as [27, 28] 

MCC = 
TP×TN−FP×FN

√(TP+FP)(TP+FN)(TN+FP)(TN+FN)
    (6) 

Since TN = 0 for our object-level detection analysis, MCC 

will be a negative score. 

 

5. Experimental Results 

In this section, we provide performance analysis of the 

aforementioned 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. 2. In this test, we use best average 

recall as a criterion for parameter tuning on each algorithm in 

absence of any post-processing. 

 

Fig. 2. 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. The results are shown in Table 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 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 

SL-PAE 2013 0.64 0.79 0.55 2.83 

TR-FE 2015 0.59 0.81 0.52 27.2 

Quantitative analysis for the adapted nine algorithms on F-

measures is shown in Fig. 3, 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. 

 
Fig. 3. Average scores for three F-measures for the nine 

algorithms. 

The statistical measures of PWC [17] and MCC [27, 28] 

for Tucson dataset (T-set) and Phoenix dataset (P-set) are 

displayed in Fig. 4. 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. Due to the fact that 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. 
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Fig. 4. 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: (1) VMO combined with each of 

the five existing post-processing schemes and the proposed 

post-processing, (2) each of the selected five algorithms 

combined with the proposed post-processing. 

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 

post-processing scheme. We present the sensitivity analysis 

of tuning parameters for VMO. The average F-score vs. the 

number of iterations used in VMO is shown in Fig. 5, 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 [5] applied in VMO 

[12] is depicted in Fig. 6, 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. 

 
Fig. 5. Average F-scores of VMO vs. number of iterations for T-

set (left) and P-set (right). 

 
Fig. 6. 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. While filtered dilation [23] improves average F-
scores, the size of detected objects gets expanded by the 
dilation operation. Restrictions on heuristic filtering [24] lie 
in the fact that post-processing can be efficient only if 
vehicles have an aspect ratio distinct from that of the potential 
FPs. The smallest average F-score was found on filtering by 
SI [25], where a large number of FPs still remains. With 
respect to sieving and morphological opening [16], 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 should 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 [5] causes concern regarding variation of vehicle 
size across datasets and even the same dataset containing 
images with different resolution. 

Table 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. From Figs. 5-6 

and Table 2, we find that the proposed post-processing 

scheme (the 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 significant 

performance difference between the two datasets. 

Table 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 Scheme 0.80 ± 0.01 0.75 ± 0.02 1.00 
 
In the next experiment, we evaluate the proposed three-

stage post-processing scheme combined with each of five 

algorithms: SR, VMO, FL, FDE and SL-PAE. Table 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 post-processing 

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% (SL-PAE) in P-set. 

Evaluations of average F-score and PWC [17-20] for the 

five algorithms before and after applying the proposed post-

processing are tabulated in Table 4, where each score with 

mean and 95% CI are computed for every algorithm. For T-

set, the best F-score was observed for FDE, while the smallest 
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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, FDE, and SL-

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 

that, when combined with the proposed post-processing, 

reduced PWC to below 50% in both datasets. 

Table 3. Classification of detected vehicles before and after the 
proposed post-processing for Tucson (T) and Phoenix (P) datasets 

   SR VMO FL FDE SL-PAE 

TP 

Before 
T 3584 3876 3207 3515 3739 

P 2674 3420 3045 2965 3298 

After 
T 3264 3230 3364 3121 2915 

P 2372 3108 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 

 
Table 4. Average F-score and PWC before and after applying the 

proposed post-processing (mean and 95% CI) 

 SR VMO FL FDE SL-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 

 
For each evaluation metric and for each algorithm, numeric 

scores before and after the proposed post-processing scheme 

are shown in Table 5, where all the p-values are smaller than 

0.00001, proving significant difference of statistics. From 

Table 5 we observe that the proposed post-processing truly 

improves the performance of five vehicle detection methods. 

Table 5.  Calculation of (t, p) values of five algorithms before and 
after the proposed post-processing (mean and 95% CI) 

 SR VMO FL FDE SL-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 6 depicts the average CPU execution time for each 

algorithm before and after using the proposed post-

processing method. The best improvement was seen for 

VMO, while the least improvement was observed for FDE. 

Table 6. Average CPU execution time (s) per frame for five 
algorithms before and after the proposed post-processing scheme. 

 SR VMO FL FDE SL-PAE 

Before 2.79 7.52 31.4 1.16 2.83 

 SR VMO FL FDE SL-PAE 

After 2.37 4.69 27.7 1.08 2.45 

 
Fig. 7 depicts a visual comparison of five segmentation 

algorithms before and after post-processing by our post-

processing scheme 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 

scheme is illustrated by comparing the results before and after 

post-processing. 
 

SR         

VMO          

        FL           

FDE            

SL-PAE        

GT          
  T-set:   Before           After    P-set: Before       After 

Fig. 7. Visual comparison of vehicle detection via the five 
algorithms before and after the proposed post-processing. 

 

6. Conclusions 

In this paper, we have presented a performance analysis of 

nine automatic 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. The 

ranks of PWC and MCC on the nine vehicle detection 
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algorithms varied: LT achieved lowest PWC and MF 

displayed the best MCC in T-set, while FDE showed lowest 

PWC and VMO had the best MCC in P-set. 

We proposed a three-stage post-processing scheme, which 

comprises pre-sieving using two thresholds applied to object 

area, morphological closing, and conditional sieving with 

respect to compactness. Under the criterion of best overall 

average F-score, verifications from the VMO-based scheme 

[5, 12] show that the proposed method has better overall 

performance in contrast to five existing post-processing 

schemes. Applying the proposed scheme to each of five 

segmentation algorithms, quantitative results show the 

reduction of FPs and PWC, thereby leading to an 

enhancement in F-score. For low-resolution wide-area 

images from an aerial traffic video, the proposed scheme 

indicates applicability for improving detection performance. 

Most recently, deep-learning approaches have been widely 

applied to object detection and segmentation in traffic 

analysis [29-38]. Typically, a deep-learning model for 

vehicle detection consists of pre-training, labeling sample 

images, feature extraction in a deep convolutional neural 

network, and executing an object segmentation algorithm to 

obtain the detection outputs [38]. Although some deep-

learning models have outstanding accuracy for some 

applications, their major shortcomings are time-consuming 

training, high complexity, and their dependency on multi-

GPU support [33, 34, 38]. For future work, we intend to 

design a motion filter with reference to some deep-learning 

approaches [32-34, 38-40] for vehicle detection, visualization 

in wide-area aerial imagery [29-31, 41-44], feature-based 

front-vehicle detection [45], and complexity analysis [46-50], 

as well as information security related classification schemes 

such as autonomic cloud computing [51], anomaly behavior 

analysis [52] and quasi-cliques analysis [53]. 
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