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Abstract:  14 

Many corner detector techniques have already been used in extracting information from 15 

UAV images to perform various photogrammetric and mapping activities. Among these 16 

techniques is the Feature from Accelerated Segment Test (FAST) and the Harris corner detector. 17 

It is widely agreed that the evaluation of detectors is of great importance because it evaluates 18 

and enhances the accuracy of the detected features. This research evaluates the performance of 19 

FAST-9 and FAST-12 as well as the Harris detector in terms of the repeatability rate, 20 

completeness, and correctness under different threshold values. Each method is evaluated in 21 

terms of its ability for detection UAV objects (crowd and cars features). Then the common 22 

detected features between both FAST versions and the Harris detector are extracted. This is to 23 

determine which method performs best under different image conditions (e.g., illumination 24 

variations, camera position and orientation, and image noise). The results show that the size 25 

of the threshold plays a crucial role in determining the number of detected feature points. An 26 

increase in the threshold value leads to a decrease in the number of detected points and vice 27 

versa. Thus, the correctness decreases whereas the completeness increases as a function of the 28 

threshold values. Furthermore, the relationship between the FAST-9 and the Harris detector is 29 

slightly better than those between the FAST-12 and the Harris detector. This is because the 30 

number of common features between the FAST-9 and the Harris detector are relatively higher 31 

than those between the FAST-12 and the Harris detector.  32 
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1. Introduction 38 

In recent years, considerable attention has been directed towards feature extraction from 39 

unmanned aerial vehicles (UAVs) images by using either pixel-based or object-based image analysis 40 

(OBIA). In pixel-based image analysis, image information is extracted from a single pixel based on 41 

the intensity of the pixel value [1]. Widely known corner detection algorithms include the Smallest 42 

Univalue Segment Assimilating Nucleus (SUSAN), the Feature from Accelerated Segment Test 43 

(FAST), and the Harris corner detector. The OBIA method [2-5] extract image information based on 44 

a number of homogeneous pixels that form meaningful geographic objects. Both pixel and object 45 

based image analysis have been intensively studied in many research disciplines such as civil 46 

engineering, photogrammetry, and social sciences [6-7] to perform specific detection and mapping 47 

tasks.  48 

Crowd feature extraction for monitoring and management is one of the tasks that is based on a 49 

pixel-based image analysis (e.g., corner detection algorithms). The importance of using corner 50 

detection algorithms for crowd feature detection, analyzing, and managing has particularly taken 51 

place in popular events (e.g., sports, concerts) to develop safety strategies at national levels, avoiding 52 

crowd related disasters, and enhancing public safety. As a result, many research projects have already 53 

developed corner detection approaches for crowd analysis such as detecting, counting, and 54 

estimating crowd density. Examples of these projects funded by Europe Union (EU) are 55 

PRISMATICA, ADVISOR, SERKET projects [6].  56 

In any crowd research approach, crowd information needs to be extracted to design a model for 57 

crowd management and monitoring particularly in overcrowded areas. This requires designing a 58 

framework for which includes sensing, alerting, and action stages for crowd management 59 

applications [7]. The Sensing step includes capturing the crowd scene using either images or video 60 

recordings from land or air-based platforms. The alerting step processes crowd images or videos data 61 

using different image processing techniques for crowd feature detection and selection. The extracted 62 

information is then used for the action stage to ensuring safety movements and finding alternative 63 

pathways for people. 64 

UAVs are one of the manoeuvring platforms which have been exploited for capturing crowd 65 

images and videos. UAVs offer a low cost platform, offer flying flexibility, can fly at low altitudes, 66 

and are fast and light weight [8-10] in which make it ideal for performing crowd monitoring activities. 67 

Many studies [11-13; 7] have already utilized the UAVs images for detecting, counting, and 68 

estimating crowd density. 69 

Crowd features detection and density estimation have been achieved using either pixels or 70 

texture statistics approaches. Marana et al. [14] proposed a method based on Grey Level Dependency 71 

Matrix (GLDM) to estimate crowd density. This method assumes that the coarse texture presents a 72 

low crowd density whereas a high crowd density is presented by fine texture. Davies et al. [15] 73 

developed a background removal technique to estimate crowd density based on pixel statistics, while 74 

Yin et al. [16] used a reference image with only a background to classify image pixels into background 75 

or foreground (crowd features). Similarly, Ma et al. [17] employed background removal technique to 76 

calculate and estimate crowd density, and Kong et al. [18] employed background subtraction and 77 

edge detection to detect crowd features. Another technique, based on the information fusion [19], has 78 

been employed for estimating the number of people from a group of image sensors. 79 
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Corner detection procedures, such as the Features from Accelerated Segment Test (FAST) and 80 

the Harris corner detector, have been utilized to detect and estimate crowd density from airborne 81 

images. Xu et al. [20] proposed an improved Harris corner detection method to detect crowd features, 82 

and then performed a clustering analysis from a coordinate matrix of those feature corners. Other 83 

researchers [e.g., 21-22; 7] used the FAST algorithm for crowd feature extraction and density 84 

estimation. For instance, a new testing procedure based on FAST method (FAST-9 and FAST-12) was 85 

proposed by Almagbile [7] for mapping the levels of crowd density. 86 

This research evaluated the performance of the FAST-9, FAST-12, and the Harris detector in 87 

detecting UAV image objects (crowd and cars features).  A comparison between those algorithms 88 

was conducted to select the best method which provided an accurately estimate of the crowd and car 89 

features. The performance of each method was tested based on the correctness and completeness 90 

criteria. This research is organized as follows: the Section two revisiting the local feature detection 91 

algorithms (FAST and Harris). Section three explains the methodology. The test, results analyses are 92 

presented in Section four followed by the conclusions in Section five.  93 

2. Revisiting of local feature detectors and descriptors  94 

2.1. FAST  95 

Feature from the Accelerated Segment Test (FAST) method is originally proposed by Rosten and 96 

Drummond [23] and is used for identifying the corner points or interest points, from the intensity of 97 

pixel values. Similar to the Smallest Uni-value Segment Assimilating Nucleus Test (SUSAN) detector, 98 

the FAST algorithm uses a Bresenham’s circle of diameter 3.4 pixels as a test mask. This mask consists 99 

of 16 pixels around a center pixel Ip. This center pixel can be a corner if at least a number of connected 100 

pixels are brighter or darker than the threshold determined by the center pixel Ip [24; 7]. 101 

The FAST algorithm determined the centre pixel Ip as a corner based on the intensity values of 102 

its neighbourhood pixels. Mathematically, it can be written as [25; 26]  103 
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Where xpS   is the state of pixels around the center pixel Ip , t denotes threshold, Pd are 104 

darker pixels than the intensity of center pixel Ip -t, Pb are brighter pixels than the intensity of center 105 

pixel Ip+t and Ps hassimilar pixels to the intensity of the center pixel Ip. 106 

In order to speed the test up, four pixels, namely I1, I5, I9, and I13, are firstly compared with the 107 

center pixel Ip. If those pixels are darker or brighter than Ip, other pixels are tested to check whether 108 

9 (FAST-9) or 12 (FAST-12) connected pixels are higher or lower than the value of the Ip. When the 109 

four pixels do not pass the test, early rejection of the Ip as a possible corner point can be achieved. 110 

Different FAST versions (e.g., FAST-9, FAST-12, and FASTER) have been developed to improve 111 

the quality of the test in terms of repeatability and the speed of the test. Among these FAST versions 112 

is the FAST-9. It has been determined that FAST-9 has the best segment test results because it 113 

performs the highest repeatability with high test speed [25] 114 

2.2. Harris  115 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 June 2019                   doi:10.20944/preprints201906.0245.v1

https://doi.org/10.20944/preprints201906.0245.v1


 

 

One of the most popular detector methods which have been used for corner detection is the 116 

Harris method [27]. This method is an extension of Moravec’s corner detector which is based on the 117 

detection of a moving window in an image and determines the average changes of image intensity 118 

that result from the shifting a window by a small amount in various directions [27]. Assuming the 119 

image intensities I and the change E (x,y) produced by a shift (x,y) is written as: 120 
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Where vuw , is a window function, the symmetric matrix M is written as: 121 
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Where: 122 
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E is related to the local autocorrelation function. Let α and β denoting the eigenvalues of M, E(x, y) 123 

increases in all shift if both α and β are large. The trace M= α + β and the Det M= α, β. The extraction 124 

of local corners, or interest points, from Harris corner detection R is based on a thresholding and can 125 

be written as: 126 

  127 
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3. Research methodology 128 

Two different feature detectors, namely the Harris and the FAST algorithms, were used in this 129 

research to detect UAV derived image objects (crowd and cars) under different conditions of camera 130 

position and orientation. The performances of these detectors were evaluated using completeness, 131 

correctness, and a repeatability analysis under different imaging conditions in terms of image 132 

rotations, scales, and illumination variations. The completeness and correctness can be respectively 133 

written as [28-29; 7]: 134 
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Where TP (the number of true positives) is the number of entities found to be available in both 136 

reference and experimental images, FN (the number of false negatives) denotes the number of entities 137 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 June 2019                   doi:10.20944/preprints201906.0245.v1

https://doi.org/10.20944/preprints201906.0245.v1


 

 

in the reference dataset that are not detected automatically. FP (the number of false positives) is the 138 

number of entities that are detected in the experimental images but do not correspond to an entity in 139 

the reference dataset. 140 

The repeatability compares the geometrical stability of the detected features between different 141 

images of a given scene taken under different imaging conditions (noise, camera position-orientation, 142 

and lighting variations). Thus, reference point features (ground truth) are detected by a corner 143 

detection method (e.g., FAST). The accuracy is high when the detected features in reference detected 144 

points are repeated in by the experimental corner detection method (e.g., Harris detector) [30]. The 145 

repeatability rate is the percentage of the total corner points (interest points) that are detected in two 146 

corner detection algorithms (the reference and the experimental methods) with the same image. This 147 

can be obtained through dividing the number of redetected points in the experimental method by the 148 

number of points in the reference method [31]: 149 
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Where Dr denotes the repeatability rate (re-detection rate), nexp is the number of the re-detected 150 

points in the experimental method, ∑nref  denotes the total number of the detected points in the 151 

reference method. Therefore, the best detection method should be reliable and ideally deliver the 152 

same points under all possible imaging conditions. 153 

3.1. Test and results analysis  154 

Two UAV images (Figure 1) are used in this research to test the performance of the FAST (FAST-155 

9, FAST-12) and the Harris corner detectors for detection UAV image objects (crowd and cars 156 

features). The first image, which included the crowd, was extracted from online video. The second 157 

UAV image shows cars in a parking lot and was collected from an in-situ UAV flight for this study. 158 

The UAV flight mission was conducted in the spring of 2019 over the Aqaba City, Jordan. This UAV 159 

was deployed with sensors (GPS/IMU/digital camera) to map the geographic features over the area 160 

under consideration. It also includes several functions such as auto-pilot operation, no-fly zones, and 161 

auto-return home. The specifications of this UAV system are provided by the manufacturer and are 162 

shown in Table 1. 163 

  
A B 
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Figure 1. Experimental images: crowd features extracted from online video (A) and parking lot image from a 164 

real UAV flight (B). 165 

Table 1. Specifications of the UAV used in this research. 166 

UAV Features Feature Specifications 

Weight (Battery and Propellers Included) 1030 g 

(Stationary) Hover Accuracy Vertical: ±0.8 m, Horizontal: ±2.5 m 

Max Yaw Angular Velocity 200°/s 

Max Tilt Angle 35° 

Max Ascent/Descent Speed Ascent: 6 m/s; Descent: 2 m/s 

Max Flight Speed 15 m/s (Not Recommended) 

Diagonal Length 350 mm 

Power Consumption 5.6 W 

Flight Time 25 minutes 

Take-Off Weight ≤1300 g 

Operating Temperature -10°C ~ 50°C 

4. Results and Discussion 167 

4.1 Crowd features extraction and quantitative evaluation 168 

Figures 2 and 3 show the extracted features from a horizontal UAV image using the FAST-9, the 169 

FAST-12 and Harris detectors. The common detected features between the Harris and both the FAST-170 

9 and FAST-12 are also attached to these Figures. It can be seen that the size of the threshold plays a 171 

crucial role in determining the number of detected features. This is noticeable when comparing the 172 

number of detected features by the FAST-9 with different threshold values. The FAST-9 with a 173 

threshold of ±40, detects more crowd features when compared with the FAST-12 with a threshold of 174 

±60. A similar situation is noticeable in the case of the Harris detector with threshold values of 1500 175 

and 2500. As a result, the size of the threshold needs to be carefully selected because a large threshold 176 

leads to an increase the probability of misdetections, whereas too small of a threshold may result in 177 

an increase in the probability of false detected features. 178 

When comparing FAST-9 and FAST-12 under the same threshold size, can be observed that 179 

FAST-12 detects only the very strong points. Thus, many corner points which are detected by the 180 

FAST-9 are not detected by FAST-12. The probability of the misdetection of features is higher by 181 

FAST-12 than those by FAST-9. On the other hand, FAST-9 tends to detect more false features 182 

(features which do not belong to the crowd) than FAST-12. 183 

Other comparison between the corner detector methods can be noticed when comparing the 184 

common detected features between either FAST-9 and Harris or FAST-12 and Harris. There are more 185 

common detected features between FAST-9 and Harris than those between FAST-12 and Harris. The 186 

number of common detected features increases as a function of the threshold values. An increase in 187 

threshold values leads to an increase the probability of redetected features and vice versa.  This 188 

situation is presented in Table 2.  189 
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Figure 2. Detection of crowd features based on FAST-9 and Harris (A) and common detected features between 190 

FAST-9 and Harris (B) with a threshold of 40 and 60 for FAST-9 and 1500 and 2500 for Harris. 191 

  

A B 

Figure 3. Detection of crowd features based on FAST-12 and Harris (A), and common detected features 192 

between FAST-12 and Harris (B) with a threshold of 40 and 60 for FAST-9 and 1500 and 2500 for Harris 193 

Table 2. The number of detected crowd features using the FAST-9, FAST-12 and Harris detectors as a function 194 

of the threshold sizes 195 

FAST 

method 

Threshold 

FAST-9 FAST-12 Harris detector The number of 

common 

detected 

features 

The number of 

common 

detected 

features 

Number of 

detected  

features   

Number of 

detected   

features  

Harris 

threshold 

Number of 

detected   

features  
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The performances of all detection methods used herein were evaluated in terms of correctness 196 

and completeness (Figure 4). To test the performances of each method, a reference dataset was chosen. 197 

In this scenario, FAST-9 and FAST-12 were chosen as the reference detected points while the Harris 198 

detector is the experimental detected points. Then the correctness and completeness of Harris 199 

detector was evaluated under four different threshold values. The threshold values for FAST were 200 

40, 50, 60, and 70 whereas the Harris thresholds were 1000, 1500, 2000, and 2500. Figure 4 shows the 201 

correctness and completeness of the Harris detector as a function of the threshold. The correctness 202 

values decrease with an increase of the threshold values. This means that the increase of false positive 203 

detected points leads to a decrease the correctness values. For the completeness values however, 204 

opposite behavior can be noticed; a decrease in false negative points lead to increase the completeness 205 

values. This is also evident when comparing either the FAST-9 or FAST-12 and the Harris detector. 206 

  

A B 

Figure 4. Completeness and correctness for the FAST-9 and the Harris detector (A) and for the FAST-12 and the 207 

Harris (B) as a function of threshold values. 208 

4.2 Cars features extraction and quantitative evaluation  209 

Figure 5 and Figure 7 present car detection using the FAST-9, FAST-12, and the Harris detector. 210 

The detected cars were extracted from UAV images which showed cars in a parking. The detected 211 

corners do not reflect the actual number of the cars but instead numerous corner points on the top of 212 

each car. This is due to the fact that each car consists of a number of corners which should be detected 213 

by the corner detection methods. As identified earlier in this research, FAST-9 detects more points 214 

than FAST-12 (Figure 5). In Figure 6, the cars were detected by the Harris detector with a threshold 215 

value of 4000. The Harris detector tends to be more accurate than both the FAST-9 and FAST-12 216 

because very few feature points are detected falsely when compared with FAST-9 and FAST-12. 217 

between the 

FAST-9 and 

the Harris 

between the 

FAST-12 and 

the Harris 

30 25552 8530 1000 686 335 162 

40 14004 3957 1500 589 247 102 

50 7626 1762 2000 515 179 66 

60 3893 777 2500 458 129 32 
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The common detected corners between the Harris and both of the FAST-9 and FAST-12 are 218 

presented in Figure 7. The number of common detected corners between FAST-9 and the Harris 219 

detector is more than those between FAST-12 and the Harris detector. This is due to the fact that 220 

FAST-9 has a large number of the detected points which results in an increase in probability of the 221 

number of common points between is and the Harris detector.  222 

  

A B 

Figure 5. Cars detection using FAST-9 (A) and FAST-12 (B) with threshold of 60. 223 

 224 

 

Figure 6. Cars detection using Harris detector with a threshold of 4000 225 
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Figure 7. Common detected cars between FAST-9 and Harris (A) and FAST-12 and Harris (B) 226 

 227 

The performance of the Harris detector was evaluated in terms of correctness and completeness. 228 

In this scenario, FAST-9 and FAST-12 were chosen as reference detected points while the feature 229 

points detected by Harris detector were the experimental features. As can be seen in Table 3, the 230 

completeness is very similar in both cases, however the correctness is 0.57 when using FAST-12 and 231 

0.92 with FAST-9. The threshold value chosen in this detection scenario is 60 and 4000 for both FAST 232 

and the Harris respectively. This means that the correctness increases when many false positive 233 

points increases and vice versa.   234 

 235 

Table 3. Completeness and correctness of detected cars based on the FAST-9, FAST-12 and the Harris 236 

detector 237 

 Completeness Correctness Common with Harris 
Percentages % of common 

detected features 

Fast_12 0.51 0.57 683 7.5 

FAST-9 0.50 0.92 3110 5.6 

 238 

5. Conclusions 239 

In this research, the FAST (FAST-9 and FAST-12) and the Harris corner detectors are used to 240 
extract crowd and cars features from UAV images. The crowd images used in this research was 241 
extracted from an online videos, and cars images were taken by through a UAV flight. Then, the 242 
performance of each method was evaluated in terms of correctness and completeness. 243 

Using different threshold sizes, crowd and cars detection was performed to test the impact of 244 
threshold values on the performance of each detector method. It has been emphasized that a small 245 
threshold value yields many false detected points while a large threshold only detects the strongest 246 
feature points (points which are greatly deviated from others). Furthermore, the number of common 247 
detected features between FAST-9 and the Harris increases when the threshold values are increased. 248 
Therefore, in any corner detector method, selection of a proper size of threshold is a crucial factor for 249 
determining the number of detected feature points. 250 

When testing the performance of FAST-9, FAST-12, and Harris detector in terms of completeness 251 
and correctness, one detector method was chosen as reference detected points and the other method 252 
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was the experimental detected points. In this research, when using either the FAST-9 or FAST-12 as 253 
the reference detected points and the Harris is the experimental detected points, the correctness 254 
decreases gradually as a function of threshold values. However, opposite behavior is found in case 255 
of completeness as such increase in the threshold value leads to an increase in the completeness. 256 

In the case of cars detection, the Harris detector performs better than the FAST-9 and FAST-12. 257 
This has been proven when comparing these methods in terms of the number of false positive and 258 
negative detected points. In the Harris method, very few false negative detected points were found 259 
when comparing the FAST-9 and FAST-12 methods. It was also found that the percentage of the 260 
number of common detected features between the FAST-9 and the Harris in case of cars detection is 261 
more than those for crowd detection. 262 

Future research will focus on combining detector methods for objects detection in UAVs images. 263 
Furthermore, feature combination will be further investigated to improve the quality and accuracy 264 
of the detector methods.                         265 
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