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Vehicle Detection in Dense Area Using UAV Aerial Images
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Abstract This paper proposes a vehicle detection method for parking areas using unmanned aerial vehicles (UAVs)
and using YOLOV2, which is a recent, known, fast, object-detection real-time algorithm. The YOLOV2 convolutional
network algorithm can calculate the probability of each class in an entire image with a one-pass evaluation, and can
also predict the location of bounding boxes. It has the advantage of very fast, easy, and optimized-at-detection
performance, because the object detection process has a single network. The sliding windows methods and
region-based convolutional neural network series detection algorithms use a lot of region proposals and take too much
calculation time for each class. So these algorithms have a disadvantage in real-time applications. This research uses
the YOLOV2 algorithm to overcome the disadvantage that previous algorithms have in real-time processing problems.
Using Darknet, OpenCV, and the Compute Unified Device Architecture as open sources for object detection. a deep
learning server is used for the learning and detecting process with each car. In the experiment results, the algorithm
could detect cars in a dense area using UAVs, and reduced overhead for object detection. It could be applied in real time.
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Fig. 1. Faster R-CNN is a single, unified network for
object detection and Detection results
PASCAL VOC 2007[12].
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Table 1. Detection results on PASCAL VOC 2007

train-time region proposals | test-time region proposals
mAP(%)
method #boxes method #boxes
SS 2000 SS 2000 58.7
EB 2000 EB 2000 58.6
RPN+ZF, shared | 2000 | RPN+ZF, shared | 300 59.9

Example: find the father of the internet

Cheaper Alternative: grids

Fig. 2. Motivation: Proposals are Expensive[13].
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Fig. 3. The Architecture of YOLO[14].

Class probability map

Fig. 4. The YOLO basic Model.[14].
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Fig. 5. The path from YOLO to YOLOvV2[15]
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Fig. 7. The training data set by YOLO Marker[15].
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Table 2. The experiment result of proposed method
test .. Proposed
video Recall Precision methodFPS SSD FPS
#1 72.06 84.06 38.7 28.8
#2 83.47 91.05 36.1 26.3
#3 76.07 87.67 42.6 324

(c) test video #3
Fig. 9. The detection result of proposed method.
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