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Abstract – Recently, drones have been regularly used 
to aid in search and rescue in places where it is 
normally to carry out some of the early forensic victim 
localization.  There are many suitable human detectors 
for drone use, such as Histogram Oriented Gradient 
(HOG), You Only Looks Once (YOLO), and Aggregate 
Channel Features (ACF). In this paper, the height of 
the aerial images is analyzed for its effect on the 
accuracy of the detection. This works compares ACF, 
YOLO MobileNet, and YOLO ResNet50 using a 
different set of aerial images varying at 10m, 20m, and 
30m heights. The results show that in a single-model 
test, with our proposed bounding-box standardization, 
YOLO MobileNet achieves significant increase in test 
precision (AP), with 0.7 AP recorded. For single-model 
test, YOLO MobileNet yield best AP using 20m 
training data where it obtained AP of 0.88 (10m test 
height), 0.82 (20m test height), and 0.91 (30m test 
height). 
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1. Introduction

In recent years, there has been a rapid increase in 
the use of Unmanned Aerial Vehicles (UAVs) in 
various applications that include search and rescue 
(SAR) operations [1], disaster management [2], and 
many more areas that specifically require information 
about the detection of human beings [2]. Further, in 
several applications, it is indeed essentially for 
precise human detection to be conducted especially 
at a different height. In addition, shadows, 
uncontrolled lighting environments, and shaky videos 
can all add up to the difficulty of this task. 

Moreover, the task of human detection in aerial 
image sequences is challenging due to various 
reasons. One of the main reasons that contributed to 
this factor is the variation of human size in the video 
frame due to the location or height of the video 
capture used during image acquisition [3]. The higher 
the video location from the human subject, the 
smaller the size of the human image in the video 
frame is. Hence height is one of the limitations in the 
aerial image in human detection and tracking 
process.  Also, the accuracy of human detection and 
rapid training time are the two important keys that 
should be taken into consideration for a robust 
human and non-human classification system [3]. 

Therefore, in this study, three different heights of 
aerial images are investigated to verify that 
differences in height is one of the factors that could 
decrease the detector performance. Additionally, 
besides height as one of the issues, other factors 
could also affect the detector performance such as 
lighting, camera angle, and the human themselves. 
However, in this work, only height will be 
considered and investigated. The rest of this paper is 
arranged as follows. Section 2 outlines some related 
work and applications that utilized aerial images. 
Section 3 describes and elaborates details of the 
methodology and specification of the dataset that is 
used in this study. Section 4 analyses and discusses 
the results obtained from the experiments conducted 
using each detector namely ACF, YOLO MobileNet, 
and YOLO ResNet50. Finally, Section 5 is the 
conclusion and proposed future work. 
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2. Literature Review 
 

This section discussed the overview method of 
aerial image human detection and tracking followed 
by the evolution of aerial image in human detection 
algorithms toward a deep-learning approach. For the 
past decades, human detection and tracking studies 
has been an active research field, which have been 
evolving and made good progress in different 
applications and scenarios. As mentioned earlier, 
there are several types of input images that can be 
used in human detection and tracking and one of 
them is an aerial image. Note that an aerial image is 
an image that is acquired or captured from an aircraft 
or other flying objects [4] such as drones. Aerial 
images are excellent in capturing textured regions 
with distinct signatures, for instance areas such as 
water, land, vegetation, and so forth. There are 
many applications using aerial images such as 
disaster relief, urban planning, and real estate 
management.  

Aerial images intended to be used in human 
detection and tracking need to overcome several 
issues including image quality, resolution, brightness, 
and angle. Another challenging factor is the variation 
of human size in the video frame [3] due to the 
dissimilar altitude of the camera platform during the 
image acquisition task [3]. It is not possible to 
combat all the factors mentioned here, but recently 
with the deep learning (DL) algorithm, it becomes an 
easier task. DL is proven as one of the most popular 
approaches as there are much research involving 
deep learning in human detection and tracking as 
reported in [1], [3], [5], [7]. The two main steps in 
human detection and tracking are feature extraction 
and detection. Some methods or techniques that are 
already established are discussed below. 

 
2.1. Feature Extraction 
 

The process of feature design and selection is so 
sensitive because it has a significant role in 
improving the performance of the detector. Various 
factors affect the performance of the detector and one 
of the factors is diversity of the datasets. Feature 
learning methods are fruitful for large datasets with 
thousands of classes due to domain adaptation [3]. 
These datasets are robust against the dynamical 
events in different scenarios. One of the supervised 
features learning method is the convolution neural 
network (CNN). There are many feature extractions 
examples that can extract an import feature from the 
aerial images such as Scale Invariant Feature 
Transform (SIFT) [5], Local Binary Pattern (LBP) 
[6] and Histogram oriented gradient (HOG) [7]. 
HOG preserves information concerning the gradient 
surrounding detected spatial interest points and it was 
proven to be robust against changes in human 
appearance [7].  

2.2. You Only Looks Once (YOLO) 
 

Detection is a process of determining the location 
on the image where certain objects are presently 
followed by classifying those objects. There are 
many types of deep-learning architecture namely 
convolutional neural network (CNN), recurrent 
neural network (RNN), generative adversarial neural 
network (GAN), ResNet and others. Each type of 
deep-learning architecture mitigates a different type 
of problem. CNN has been established as one of the 
most promising avenues of research in the computer 
vision area, providing outstanding results in a series 
of visual recognition tasks, such as image 
classification [8], [9], face recognition [10], digit 
recognition [11], [12], pose estimation [13], object 
and pedestrian detection [14], [15], and content-
based image retrieval [16], [17]. CNN consist of 
multilayer perceptron neural networks. A general 
CNN architecture is made of a few numbers of 
convolutional layers, pooling layers, a fully 
connected layer, and a normalization layer. This is 
inspired by the biological process of organizing the 
animal visual cortex [18]. It has also been 
demonstrated that features extracted from the 
activation of a CNN trained in a fully supervised 
fashion on a large, fixed set of object recognition 
tasks can be repurposed to novel generic recognition 
tasks [19].  

Additionally, deep learning can also be used as a 
detection algorithm. There are various detection 
models in the detection process using a deep-learning 
approach. The most popular and current excellent 
target detection models are R-CNN [14], SPP-Net 
[20], Fast-RCNN [21], Faster-RCNN [22], SSD [23], 
YOLO [24], and ResNet [25]. Amongst these, YOLO 
is the fastest object detector with similar accuracy as 
R-CNN [26]. YOLO performs CNN-based object 
recognition in a box called an anchor and will be 
used during the training and detection process. The 
training images should be pre-processed to determine 
satisfactory accuracy using YOLO [26]. The size of 
the training images and detection images should be 
the same. The proportion of the area occupied by the 
object in the images has to be similar in the training 
images and the detection imaged. With the recent 
version of YOLO known as YOLOv2 and YOLOv3, 
training and performance can be increased based on 
this latest version. 

 
3. Methodology 
 

The methodology adopted in this work can be 
described as follows. It can be divided into four 
different parts as shown in Figure 1. 
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Figure 1. Overview of the Proposed Methodology 
 

3.1. Aerial Images and Videos Acquisition 
 

Firstly, the database of the aerial image which 
includes targets and background images is acquired. 
Note that the target aerial images may consist of 
partial human body parts like head, face, hand, foot, 
finger, and some other parts that could represent a 
human body. In addition, the images are taken at 
different heights as well. Meanwhile, the non-target 
image or the background image should also include 
some other objects to represent non-human objects. 
For database development, three different types of 
height that will be evaluated are taken at 10 meters, 
20 meters, and 30 meters, respectively using a 
Phantom 3 Professional drone with 4K resolution 
camera. The maximum height is set at 30 meters 
since it is almost impossible to perform the target 
labelling process for 30 meters and above. Every 
trained detector will be tested against these three 
different heights of datasets to determine its recall 
and precision rate where MATLAB is used for the 
ground truth labelling. Tables 1 and 2 tabulated the 
data collection and specification of the database for 
this study. 
 
Table 1. Information on Data Collection 
 

Location Dataran Kemerdekaan Shah Alam 

Period 
16 December 2019 Until 18 
December 2019 

Equipment 
DJI Phantom 3 Professional 
Quadcopter 

Coordinate 3°04'36.6"N 101°31'24.4"E 

 

Table 2. Specification of Database 
 

Type of Videos 3 
Duration of Videos 1 Minute 
Size of Videos 400Mb - 600Mb 
Heights 10 Meter, 20 Meter, 30 Meter 
Image Resolution 4096x2160p (4K) 

 
Further, Figure 2 depicted the three setting or 

situation during image acquisition that is captured at 
three different height. It is clearly seen that the size 
of the human form indeed varies due to the dissimilar 
heights. 

 

   
(a)                                 (b) 

 
(c) 

 

Figure 2. Database Acquisition at three different heights: 
(a) 10 meter (b) 20 meter and (c) 30 meter 

 
3.2. Aerial Images and Videos Ground Truth 
Labeling 
 

Image and video labeling are vital prior to detector 
training. Upon completion of aerial images and video 
acquisition, next is object labeling in both images 
and videos by specifying a bounding box around 
each object, and here the object that has to be labeled 
is a human form. The ground truth labeling for both 
aerial images and video labeling process is done 
using Matlab.        

As for the labeling process, there are four types of 
algorithms that can be chosen for a detector. In this 
case, the ACF People Detector is selected. 
Furthermore, to ensure varieties in the ROI, every 
few frames are excluded based on changes in ROI. 
The images are extracted in between 5 to 15 seconds 
and then omitted for 10 seconds, and this process 
continued to Figure 3 that shows the ground-truth 
process for each dataset. Every dataset is developed 
based on the ground truthing process with each 
image of a human or subject in the ROI are labeled. 
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Table 3. The collected aerial data 
 

Drone 
Height 
(Meter) 

Human 
Size 
per 

Frame 

Number of 
Frames 
for each 
Video 

Total human 
labeled 

10 Large 195 2730 
20 Medium 195 2730 
30 Small 146 2044 

 

(a) 
 

(b) 
 

Figure 3. Samples of images at location (a) 10-meter (b) 
20-meter datasets based on ground truth labeling 

 
3.3. Training the Detectors 
 

This training part is the most important part. Three 
types of detectors are utilized in this study namely 
ACF, YOLO MobileNet, and YOLO ResNet50 
detector. Next, every detector is trained using three 
different heights (10m, 20m, 30m) of the dataset that 
has been labelled during the ground-truthing process. 
Next, every detector will be evaluated and validated 
against three different datasets (10m, 20m, 30m) 
based on the database from entirely different 
sessions. Hence, every detector is trained and tested 
using datasets acquired at different sessions. 

 
3.3.1. ACF Detector 
 

ACF detector consists of four stages of the training 
process that include sample negative example, 
compute approximation coefficients, and aggregated 
channel features. Every stage will train the classifier 
with positive and negative examples. For every stage, 
the weak learner will appear. The total dataset used 
for the ACF detector is 149 images and each image 

comprised of 14 images of human that have been 
labeled accordingly. In total there, 2730 images are 
labeled as humans act as databases for the training 
phase. 

 
3.3.2. YOLO Detector 
 

Next is the YOLO detector. For the YOLO 
detector, the suitable number of anchor boxes needs 
to be computed prior to modeling. In this study, 
every trained detector needs to find suitable anchor 
boxes as optimal IOU (Intersection Over Union) as 
shown in Figure 4. Figure 4 shows that the optimum 
anchor box is 4 for 10-meter training detector model. 
A suitable number of anchor boxes will affect the 
training process of the detector.  Figure 4 shows the 
results horizontal from 4 to 15 numbers of anchors. 
The higher the number of anchor box, the longer the 
time taken for the training process.  
 

 
 

Figure 4. Examples result of finding a suitable number of 
anchor boxes for 10-meter detector 

 
Further, the YOLO detector is evaluated and 

validated using MobileNetV2 and ResNet50 
architecture as a pre-trained network. Note that 
Mobilenet and ResNet50 are the Convolutional 
Neural Network (CNN) architecture model for image 
classification and mobile vision. MobileNet 
architecture owns small and low latency. Figure 5 
shows the parameter of MobileNet architecture. For 
MobileNet, the total number of layers is 28 
considering depth wise and point wise convolution as 
separate layers. 

However, with MobileNetV2 two new features to 
the architecture that is linear bottlenecks between the 
layers [27] and shortcut connections between the 
bottlenecks [28] are introduced and added. Hence, 
MobilenetV2 models are faster for some accuracy 
across the entire latency spectrum. This 
MobileNetV2 still uses the depth wise separable 
convolutions as efficient building blocks.  Figure 6 
depicts the main building block for MobileNetV2. 
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Figure 5.  Network architecture for MobileNet 
 

 
 

Figure 6.  Main building block for MobileNetV2 
 

For a more effective detector training process, the 
training data has been shuffled prior to the training 
process. The training parameters that are used in this 
experiment are mini-batch size = 30 and maximum 
epochs = 100.  

 
 

Next, Figure 7 shows the overall flow chart for the 
training process of the YOLO detector. The database 
is split into training and testing database. Next, the 
input images are resized to 448 x 448 pixels. As for 
YOLO, two types of pre-trained network that is 
MobileNet and ResNet50 has been used. The 
convolution layer filter size is 3 x 3 that is common 
in CNN architectures.  Experimental analysis using 
YOLO consists of six detectors that is YOLO 
MobileNet detector at three different heights at 10m, 
20m, and 30m detector and YOLO Resnet50 as well. 
All the detectors will further be used for testing using 
unseen databases specifically different datasets 
which are used as training datasets. 

 

 
 

Figure 7.  Flow chart on the training process of the YOLO 
detector 
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4. Result and Discussion 
 

In this experiment, 3 types of detectors are used, 
namely ACF, YOLO MobileNet, and YOLO 
ResNet50. Preliminary results showed that the 
original ground truths, which were too tight, badly 
affects the accuracy of the detection. The original 
bounding box causes over fitting, and the trained 
detectors failed to generalize well on the test dataset. 
The bounding box for ground truth needs to be wider 
and the size needs to be constant to achieve better 
results. Figure 8 below shows the bounding box for 
ground truth for the original datasets, and that has 
been modified by standardization into 40 x 18 width 
and height which is empirically determined. As we 
can see, after standardization, the box is more 
consistent in size and includes more data to reduce 
over fitting.  
 

 
(a) 

 

 
(b) 

 

Figure 8. Several examples of bounding box (a) before 
bounding box standardization and (b) after bounding box 

standardization to 40x18 
 

In order to test the detector, the resolution of the 
image dataset extracted from the video needs to be 
resized from 4096x2160p (4K) to 448x448 to suit the 

image input layer and to reduce the heavy 
computation overload as well. Table 4 below shows 
the result of YOLO MobileNet before and after 
through bounding box standardization. 

 
Table 4. Test precision (AP) before and after bounding 
box standardization 

 

Training 
Height 

Testing 
Height 

Test Precision (AP) for YOLO 
MobileNet 

Before After Improvement 

10 m 
10 m 0.71 0.93 0.22 
20 m 0.08 0.76 0.68 
30 m 0.00 0.70 0.7 

20 m 
10 m 0.35 0.88 0.53 
20 m 0.71 0.82 0.11 
30 m 0.45 0.91 0.46 

30 m 
10 m 0.15 0.77 0.62 
20 m 0.51 0.78 0.27 
30 m 0.66 0.94 0.28 

 
As tabulated in Table 4, significant improvements 

are observed in the tested AP for every detector after 
bounding box standardization. For example, in the 
10-meter testing on 10-meter training data, a 
significant increase is shown after bounding box 
standardization from 0.71 AP to 0.93 AP. Further at 
20 meters and 30 meters tests on 10 meters training 
data, the AP increased significantly too from 0.08 AP 
to 0.76 AP and 0.00 to 0.70 AP after bounding box 
standardization. The largest improvement is by 0.7 
AP for test on 30m height using 10-meter model. 

Recall that for every detector, there are three types 
of height detector specifically 10-meter, 20-meter, 
and 30-meter detector. In addition, every detector is 
tested with three different heights that are 10 meter, 
20 meter, and 30 meter which are captured at entirely 
different sessions. In addition, for every testing, the 
average precision and log-average miss rate are 
computed. However, log average precision is similar 
to average precision and referring to undetected 
objects. Recall that the YOLO detector is very 
sensitive besides height such as the resolution of the 
camera, ambient light, angle of the camera to the 
object with the camera. All these factors will affect 
detector performance. Fully connected layers 
increase the receptive field of each final activation to 
the full-image-size but will not affect network 
invariant to aspect-ratio. Table 6 shows the result for 
every detector that is used in this experiment that is 
ACF, YOLO MobileNet, and YOLO ResNet. 

Based on the test result, the YOLO MobileNet 
precision was higher compared to the YOLO 
ResNet50 and ACF. The average precision (AP) for 
YOLO MobileNet, YOLO ResNet50, and ACF is 
0.83, 0.18, and 0.46 AP respectively. The AP for 
each training data for these three detectors is also 
tabulated in Table 5. The high value of AP means 
that the detector gets better precision and higher 
recall. Higher precision relates to a low false positive 
rate and higher recall relates to a low false-negative 
rate.  
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Table 5. Precision result for ACF, YOLO MobileNet, and YOLO ResNet50
 

Training 
Data 

Testing 
Data 

Test Precision (AP) Average Test AP for Each Training Data 

YOLO 
MobileNet 

YOLO 
ResNet50 

ACF 
YOLO 

MobileNet 
YOLO 

ResNet50 
ACF 

10 m 
10 m 0.93 0.37 0.8 

0.80 0.22 0.50 20 m 0.76 0.16 0.5 
30 m 0.70 0.13 0.2 

20 m 
10 m 0.88 0.24 0.5 

0.87 0.20 0.50 20 m 0.82 0.26 0.6 
30 m 0.91 0.11 0.4 

30 m 
10 m 0.77 0.19 0.2 

0.83 0.11 0.37 20 m 0.78 0.08 0.3 
30 m 0.94 0.05 0.6 

Average Test AP 0.83 0.18 0.46 
 
 

  

 
Subsequently, the results attained are also plotted 

based on the Precision-Recall Curve for to better 
visualize and identify the most optimum detector 
based on each height and dataset used as well. These 
are shown in Figure 9 through Figure 11 with 
respect of each height evaluated. 

 
Firstly, Figure 9 shows the test result for the 10, 20, 

and 30-meter test. It is observed that the precision-
recall curve for YOLO MobileNet is the best as 
compared to YOLO ResNet and ACF with a 10-meter 
test on 10-meter training data as the most optimum as 
depicted in Figure 8. 

 

(a) (b) (c) 
 

Figure 9. Testing result for (a) 10 meter, (b) 20 meter, and (c) 30 meter test data using 10-meter training data 
 

(a) (b) (c) 
 

Figure 10. Testing result for (a) 10 meter, (b) 20 meter, and (c) 30 meter test data using 20-meter training data 

(a) (b) (c) 
 

Figure 11. Testing result for (a) 10 meter, (b) 20 meter, and (c) 30 meter test data using 30-meter training data 
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Next, Figure 10 shows the test results for 10-
meter, 20-meter, and 30-meter test. Once again  it is 
observed that YOLO MobileNet is the best amongst 
the three detectors. YOLO MobileNet detector still 
has a better curve with 0.88AP (10m), 0.82AP (20m), 
and 0.91AP (30m). Surprisingly, the YOLO 
MobileNet in Figure 9 (a) and 9 (b) get higher for the 
area under the curve (AUC) for 20-meter training 
data compared to Figure 9 (b). 

Finally, Figure 11 depicts the testing result for 10-
meter, 20-meter and 30-meter testing using 30-meter 
training data. As mentioned earlier, the size of human 
forms is very small at this particular height. Based on 
the plots, YOLO MobileNet yields the best results 
among all. 

 
5. Conclusion 
 

In conclusion, three type of detector that is YOLO 
MobileNet, YOLO ResNet50 and ACF are used to 
evaluate and validate the effectiveness of their 
functionally as a detector using datasets from aerial 
images taken from different heights. The three 
heights identified are 10m, 20m, and 30m 
respectively, and results attained showed that the 
height of datasets adversely affects the detection 
result. Conversely, during dataset acquisition, the 
inconsistent size of humans in the images also 
occurred since at a higher location, the human form 
images will be smaller. Upon completion of dataset 
acquisition, the efficiency and precision of the 
detectors are enhanced in determining the highest test 
precision (AP) and this is achieved by introducing 
the bounding box standardization. Further, the 
average test precision result for YOLO MobileNet 
was 0.87 AP using 20-m training data which is the 
highest as compared to YOLO ResNet50 and ACF 
for all three training datasets used. Besides that, it 
was also identified from this study that several other 
factors that affected the training process of detector 
include resolution of video during collecting datasets 
process, the ambient and the angle of the camera to 
the object, and these   are the parameters to be 
investigated in our future work.  
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