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Abstract—Vehicle*detection technology is a key component of 
an intelligent transportation system, but most of the current 
vehicle detection technologies are based on road monitoring 
cameras. Compared with these fixed cameras, Unmanned 
Aerial Vehicles (UAVs) seem to have a lot of advantages such 
as more flexible, broader vision, higher speed, which make the 
vehicle detection more challenging. In this paper, a new dataset 
built on UAV traffic videos and a neural network which could 
fuse multi-layer features are proposed. Different from some 
networks with only a single layer, the proposed network 
merges the features from multiple layers firstly. Then a 
convolution layer is used to reduce the feature dimensions and 
a deconvolution layer is employed to do upsampling and 
enhance the response information. Finally, multiple fully 
connected layers are used to finish the detection. Furthermore, 
the proposed method combines the detecting and tracking for 
optimization and high detection speed. Experiments on the 
self-built UAV traffic video dataset demonstrate that the 
proposed method gets better results and higher speed. 
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I.  INTRODUCTION 
Intelligent transportation systems are growingly 

important because the traffic congestions and traffic 
accidents are becoming increasingly serious. Vehicle 
detection is the key technology in intelligent transportation 
system and is also a specific task of object detection in the 
field of computer vision. The target of vehicle detection is 
getting all vehicles in the videos or images. It can be used in 
traffic flow calculation, traffic congestion forecast and so on. 
A lot of vehicle detection methods have been proposed, but 
these approaches are mostly based on the videos captured by 
the fixed road traffic cameras. Fixed camera has many 
drawbacks, such as high cost to install, not flexible enough to 
do vehicle detection, difficult to follow up and so on. Thus, 
vehicle detection technologies based on UAV aerial videos 
have received widespread concern. Compared to fixed 
cameras, UAVs have many advantages, such as flexibility, 
mobility, portability, etc. 

UAV traffic videos have the following characteristics: 1) 
wider vision and more detection targets; 2) target size varies 
widely due to the flying altitude changes of UAV; 3) smaller 
target size and less description details; 4) vehicle orientation 
is more changeable; 5) surrounding environment is more 
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complex. Therefore, there are more difficulties and 
challenges for vehicle detection in UAV traffic video. This 
task has attracted lots of research attention. 

II. RELATED WORK 
The traditional vehicle detection technology is mainly 

including interframe difference, background difference, 
optical flow and some classifiers based on histogram of 
oriented gradient (HOG) [1], Haar-like [2] or other vision 
features, such as Support Vector Machine (SVM), Ada-
Boost, etc. In recent years, deep learning has made 
breakthroughs in lots of computer vision areas, including 
object detection task. R-CNN [3] divides the object detection 
task into two parts, generates region proposals using 
selective search [4] firstly, then does classification and box 
regression for every region proposal. But its speed is limited 
by repeated CNN evaluation for region proposal generation. 
SPP-Net [5] proposed spatial pyramid pooling (SPP), which 
would allow the computation of CNN features once per 
image and handle different sizes of images without 
beforehand cropping or wrapping. Building on SPP-Net, 
Fast-RCNN [6] proposed ROI pooling layer and multi-task 
learning to improve detection speed and effect. However, it 
still depended on some algorithms to generate region 
proposals. Faster-RCNN [7] uses a single neural network to 
generate region proposals for detecting, which is named RPN 
and leads to a significant speedup. RFCN [8] achieved 
translation-invariance by position-sensitive score maps. 
YOLO [9] thinks the problem from another way and 
considers the detection as a regression task, which no longer 
needs to generate region proposals. This method results in a 
significant speedup, but with some compromise of detection 
accuracy. Based on YOLO, SSD [10] removes all fully-
connected (FC) layers and learns from RPN’s anchor 
mechanism. The detection speed and effect are improved. 

In the DeepProposal [11], the authors draw a conclusion 
through the experiments: “the final convolutional layers can 
find the object of interest with high recall but poor 
localization due to the coarseness of the feature maps. 
Instead, the first layers of the network can better localize the 
object of interest but with a reduced recall”. GoogLeNet [12] 
uses three weighted classification losses and applies 
intermediate layers to show that this type of regularization is 
useful for very deep models. The same idea is employed to 
semantic segmentation [13] and edge detection [14]. For 
object detection, MSCNN [15] trained multiple independent 
detectors at different layers to improve the detection effect of  
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Figure 1.  The network architecture for vehicle detection in UAV: (1) input a video frame, (2)extract features, (3) generate region proposals, (4) fuse multi-

layer features, (5) classify and make adjustment for each region. 

small targets. A good detection network should combine the 
advantages of both shallow and deep layers. Thus, we 
propose to integrate the features from different network 
layers to enhance the overall detection effect. 

III. VEHICLE DETECTION 
As shown in Fig.1, the proposed vehicle detection 

framework for UAV traffic video is illustrated. Initially, an 
entire video frame is forwarded through the convolutional 
layers and the feature maps are produced on multi-layers. 
The feature map of the last layer is used to generate region 
proposals. Then, a ROI Pooling layer is applied on the three 
layers: conv2, conv3 and conv4 for every region proposal 
and aggregates together by a concat layer. Next, a 
convolution layer is used to reduce the feature dimensions 
and a deconvolution layer is used to enhance the response 
information. Finally, these proposals are classified and 
adjusted based on the detection module. 

A. Backbone Architecture 
The proposed network is built on VGG-16 [16]. Other 

networks [12,17,18,19] are also applicable. VGG-16 has 13 
convolution layers followed by 3 FC layers. These 13 
convolution layers are divided into 5 groups which are 
corresponding to the five layers of AlexNet [17] by pooling 
layers. We remove the third FC layer and the last group of 
convolution layers. Because most targets are relatively small 
in the UAV traffic video dataset, the higher layers respond 
very weakly to small targets. For example, a 32×32 target is 
mapped into a 2×2 patch at the conv5 layer. The information 
provided to 7×7 ROI pooling is very limited. Thus, we retain 
the first four groups of convolution layers. The VGG-16 
model is pre-trained on the ImageNet [20]. 

B.  Multi-level Feature Fusion 
The features from different CNN levels are 

complementary for object detection. Thus, we apply the 
multi-level feature fusion to improve vehicle detection 
results. One fusion scheme is to combine multi-level feature 

maps at the same resolution. HyperNet [21] uses a max 
pooling layer on layer-1 to do subsampling and a 
deconvolution layer on layer-5 to conduct upsampling. 
Finally, the three feature maps from layer-1, layer-3 and 
layer-5 are concatenated to output a single cube which called 
hyper feature. The main problem to be solved for multi-level 
feature fusion is that the resolutions of the obtained feature 
maps are usually not the same. Therefore, another improved 
scheme is that adding a ROI pooling layer on each layer for 
feature fusion. The resolutions of the multiple feature maps 
from different layers are same and they are concatenated. 
Different from the HyperNet, we fuse the feature maps of 
layer-2, layer-3 and layer-4 and the experiments show that 
the fusion can obtain the best performance. Compare to the 
first scheme, the improved scheme is easier to be 
implemented and more scalable. When to combine more 
layer features, no major changes will be made for the 
proposed network. In addition, there is no need to use 
subsampling or upsampling to keep the resolutions of the 
feature maps the same. Thus, it is not necessary to worry that 
the pre-trained features will be affected. 

After feature combination, a 3×3 convolution layer is 
followed. The Conv operation not only reduces feature 
dimension but also makes feature fusion better. Besides, we 
add a deconvolution layer to increase the resolution of 
feature maps. The experiments show that this improvement 
can significantly improve the performance of object 
detection, especially for small targets. 

C. Data Preprocessing 
In addition to the vehicles on the road, there are many 

cars in the roadside parking lots and the parking density is 
usually high. Thus, to avoid affecting the detection 
performance of the proposed network, these vehicles in the 
parking lots and some too small cars will be masked firstly. 

To obtain more training data, it needs to expand the UAV 
traffic video dataset in the following manners: 1) horizontal 
rotation and 90 degrees clockwise rotation to enrich the 
vehicle orientation; 2) scale down the video frame to 1/2, 1/3  
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Figure 2.  Combining tetection and tracking. The boxes_d and boxes_t represent the region proposals generated from the RPN and KCF separately. 

of the original image, which can significantly improve the 
detection performance for small objects; 3) change the 
brightness and clarity of the video frame to simulation the 
environment of the UAV videos. 

D. Network Training 
For each region proposal generated from the RPN, a 

binary class label is assigned: vehicle or not vehicle. The 
positive label is assigned to the proposal which has a 0.45 or 
more IoU threshold with any ground truth bounding box. 
The proposals whose IoU threshold is lower than 0.3 with all 
ground truth bounding boxes are assigned to the negative 
label. The training aim is to minimize the multi-task loss 
function: 

* * * *( , , , ) ( , ) ( , )cls regL k k t t L k k L t t�� �        (1) 

where the first part Lcls is the softmax classification loss of 
two classes and the second part Lreg is the bounding box 
regression loss only for positive boxes. k* and k are the 
ground-truth and prediction separately. We set �=3 in the 
RPN stage to get more accurate region proposals. In the 
detection stage, we set the same weight for classification 
and box regression. t=(tx,ty,tw,th), where (tx,ty) is the upper 
left corner of the coordinate t and tw, th are the width and 
height of the bounding box separately. 

As with Faster-RCNN, the proposed network is an end-
to-end network. The stochastic gradient descent (SGD) 
algorithm is used to train the network and each mini-batch 
contains two images. The initial learning rate is set to 0.001, 
which will be adjusted to 0.0001 after 60,000 iterations. 
Then we have to continue running the learning 60,000 
iterations at the same rate. Furthermore, we use a momentum 
of 0.9 and a weight decay of 0.0005. 

IV. COMBING DETECTION AND TRACKING 
Vehicle detection in each video frame could be 

completed by the proposed framework. But there still are 
two issues to solve: 1) the difference between adjacent 
frames is tiny. If the vehicle detection is performed on every 
video frame, it may cause too much computational waste; 2) 
the same vehicle is easily detected in one frame but may be 
difficult to be detected in another frame. Thus, we combine 
the vehicle detection and tracking to improve the detection 

performance. On the trade-off between vehicle detection 
speed and effect, we choose the kernel correlation filter 
(KCF) algorithm [22] for tracking. 

As shown in Fig.2, the first video frame is input into the 
proposed detection network. The output detection results are 
used as the tracking objects and the KCF tracking algorithm 
is performed in the next few frames (n continuous frames). 
Then the tracking results of the last frame in the tracking 
process are used as region proposals and input into the 
detection network for the vehicle detecting in the next video 
frame. The boxes obtained from the detection network 
correspond to the region proposals generated from the RPN 
and the tracking process respectively. After the NMS (Non-
Maximum Suppression), we reinitialize a KCF tracker for 
each box which corresponds to the region proposal generated 
from the RPN. And for those boxes which correspond to the 
region proposal generated from the tracking process, we still 
use the old trackers without reinitializing to track the objects 
continuously. Finally, the above detection and tracking 
continue running until the vehicle detection of the entire 
video is completed. 

V. DATASET 
The UAV traffic video dataset for experiments is 

collected and labeled by ourselves. The dataset contains 50 
short videos, 30 clips for training and other 20 clips for 
testing. Some video samples are shown in Fig.3. The dataset 
can be used not only for vehicle detection but also for object 
tracking. 

To make the dataset more challenging, we collect the 
UAV traffic video data under different conditions, such as 
day or night, UAV altitude, surroundings, traffic flow and 
weather, etc. We have not only labeled the bounding boxes 
of the vehicles but also marked the occlusion and outside 
attributes. According to the percentage of vehicle occlusion, 
the occlusion attribute includes three labels: if the vehicle 
occlusion is 30% or less, the bounding box is marked as occ-
s; 30% to 60% is marked as occ-m; more than 60% is 
marked as occ-l.  According to the percentage of the vehicle 
outside the video frame, the outside attribute includes two 
labels: if 20% or less of the vehicle is outside the video 
frame, the bounding box is marked as out-s; 20% to 50% is 
marked as out-m. If 50% or more of the vehicle is not in the 
video frame, the box will be ignored. 
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Figure 3.  Samples of the self-built UAV traffic video dataset 

VI. EXPERIMENTS 
We test the proposed network on the test set which 

consists of 20 video clips. The vehicle detection results are 
measured using the mean precision (mAP). As shown in 
Fig.4, most vehicle targets can be successfully detected even 
if the target is very small. In addition, we have done some 
comparative experiments to verify the effectiveness of the 
proposed network. 

A. Comparison of Different Networks 
We compare the proposed network with four important 

object detection frameworks which have well performance: 
Faster-RCNN [7], RFCN [8], MSCNN [15] and HyperNet 
[21].  Tab. I gives the detection results (mAP) obtained from 
different networks on the same UAV traffic video dataset. 

TABLE I.  COMPARISON OF DETECTION RESULTS (MAP) 

 
300px 400px 500px 600px Avg. 

Faster-RCNN 37.4 45.7 55.4 60.6 49.8 

RFCN 39.9 48.6 56.8 61.9 51.8 

MSCNN 41.6 49.4 56.2 61.1 52.1 

HyperNet 43.8 53.2 58.1 62.3 54.4 

Our 37.3 51.7 60.6 64.5 53.5 

Our + Deconv 50.4 61.0 63.3 66.1 60.2 

 
As shown in Tab. I, we compare the detecting 

performance of the networks under different image sizes. 
The size of the input images is represented by the minimum 
of the image width and height. For example, if the size of the 
original image is 600px, 300px means that the vehicle targets 
to be detected are scaled to half of the originals. From the 

table, we can see that the proposed network achieves the 
highest detection accuracy on the UAV traffic video dataset. 
And in the five networks, MSCNN, HyperNet and our 
network fuse the multi-level feature maps to optimize the 
detection performance and obtain higher mAP results. This 
shows that the fusion of multi-level features is indeed 
effective for object detection. Furthermore, we have verified 
that the deconvolution can significantly improve the 
detection effect and make the mAP results much higher. 
Especially when the size of the input image is smaller, the 
effect of the deconvolution is more obvious. This indicates 
that the deconvolution can effectively improve the detection 
performance and be suitable for small target detection. 

B. Different Layer Combination 
Experiments have shown that the fusion of multi-level 

features can improve the detection performance. Thus, to 
obtain the best performance, which layers should be 
combined for the fusion? 

TABLE II.  RECALL AND MAP RESULTS OF THE PROPOSED NETWORK 
WITH DIFFERENT LAYER COMBINATION 

Combination Recall mAP 

1+2+3+4+5 84.7% 64.8% 

1+2+3+4 85.2% 65.4% 

1+2+3 82.3% 63.3% 

2+3+4 86.7% 66.1% 

2+3 81.6% 61.8% 

3+4 83.8% 63.8% 

2+4 82.5% 62.5% 

 
We have trained multiple networks for experiments with  

Image Size 
Networks 
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Figure 4.  Some vehicle detection results on the UAV traffice videos 

different layer combination schemes. As shown in Tab. II, 
the detection results of the 1+2+3+4+5 layer combination are 
lower than the 1+2+3+4 layer combination. And It also 
needs more computation cost because of the Conv-5 layer. It 
indicates that the features of the Conv-5 layer are useless for 
the vehicle detection on the UAV traffic video dataset. Thus, 
we could drop the last convolution layer. Besides, the 2+3+4 
layer combination achieves the best performance and we 
make choice of this scheme for vehicle detection in the self-
collected UAV traffic videos. Different layer combination 
schemes may obtain distinct performances according to the 
specific datasets and need to be verified by experiments. 

C. Combination of Detection and Tracking 
We combine the detection and tracking on the Faster-

RCNN network and the proposed network to obtain the 
vehicle detection results on the testing dataset. The running 
speeds are measured on a NVIDIA Tesla K40 GPU. The 
combination strategy of detection and tracking is that one 
video frame is for detecting and the next three consecutive 
video frames are for tracking. The detection results and 
running speeds are shown in Tab. III. 

TABLE III.  THE MAP AND DETECTION SPEED OF THE PROPOSED 
NETWORK WITH OR WITHOUT TRACKING 

Networks mAP Detection Speed 

Faster-RCNN 60.6% 5 fps 

Faster-RCNN + tracking 61.8% 18 fps 

Our 66.1% 3 fps 

Our + tracking 67.4% 11 fps 

 

As shown in Tab. III, after the combination of tracking, 
the detection results of the Faster-RCNN and the proposed 
network both have being better. Although the detecting 
speeds are much slower than the networks without tracking, 
they are still faster than real-time and could meet the 
requirement of the practical applications. 

VII. CONCLUSIONS 
We have proposed a convolutional neural network for 

vehicle detection in UAV traffic videos. This network is also 
working for general object detection task. The network 
combines different layers’ features and enhances the 
response information by using a deconvolution layer, which 
is helpful to improve the detection performance. In addition, 
we proposed a combination scheme of detection and tracking 
to achieve more accurate vehicle detection results. The 
proposed network achieves better performance on the UAV 
traffic video dataset than other four networks. In the future, 
we will do our best to find more efficient techniques for 
vehicle detection in UAV traffic video, especially for the 
detection of very small vehicles.  
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