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ABSTRACT
The remote sensing image airplane object detection tasks remain a challenge such as
missed detection and misdetection, and that is due to the low resolution occupied by
airplane objects and large background noise. To address the problems above, we
propose an AE-YOLO (Accurate and Efficient Yolov4-tiny) algorithm and thus
obtain higher detection precision for airplane detection in remote sensing images. A
multi-dimensional channel and spatial attention module is designed to filter out
background noise information, and we also adopt a local cross-channel interaction
strategy without dimensionality reduction so as to reduce the loss of local
information caused by the scaling of the fully connected layer. The weighted two-way
feature pyramid operation is used to fuse features and the correlation between
different channels is learned to improve the utilization of features. A lightweight
convolution module is exploited to reconstruct the network, which effectively reduce
the parameters and computations while improving the accuracy of the detection
model. Extensive experiments validate that the proposed algorithm is more
lightweight and efficient for airplane detection. Moreover, experimental results on
the airplane dataset show that the proposed algorithm meets real-time requirements,
and its detection accuracy is 7.76% higher than the original algorithm.
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INTRODUCTION
With the rapid development of remote sensing technology and sensor technology, the
quantity and quality of remote sensing images have been greatly improved in the last few
decades, which can be used to describe various objects on the Earth’s surface, such as
airports and buildings (Nie & Huang, 2021). Airplanes are one of the main objects of
remote sensing images, and the accurate detection of airplanes plays an important role in
military and civil fields. In the military field, it can quickly obtain intelligence and carry out
strategic deployment by using of remote sensing images, and all-weather real-time
accurate detection of airplane parked in military airports is carried out (MingJun et al.,
2021). In the civil field, it can reduce the occurrence of airplane crashes and query the
location of passenger airplane accurately and quickly by using of airplane object detection
(Tang et al., 2022). Therefore, it is very important both in theory and practical to design a
fast and accurate remote sensing image airplane object detection algorithm.
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Object detection methods can be classified into two categories: artificial features-based
methods (Shanmuganathan, 2016) and deep learning-based methods (Xu et al., 2021; Chen
et al., 2020; Li, Li & Zhou, 2022; Zhang & Zhou, 2022). Artificial features-based methods
such as scale-invariant features (Chen et al., 2020), directional gradient histograms (Xiao
et al., 2020), which are all manually designed for detection, the transformation capability is
weak, time-consuming and labor-intensive. Also, it is difficult to meet the requirements of
real-time and high accuracy. Deep learning-based methods have been widely used in
recent years due to its good independent learning ability and generalization ability. It can
be divided into two categories methods (Liu et al., 2020): one is two-stage object
recognition based on regional recommendation such as R-CNN and the improved
methods (Wang, Shrivastava & Gupta, 2017; Girshick et al., 2014; Ren et al., 2015; Dollár &
Girshick, 2017), etc. These methods generate object candidate frames first and then
perform classification and regression on the images in the candidate frames. Two-stage
object recognition methods have high positioning accuracy. But the detection speed of
those works is slow and they still perform poorly for the real-time requirements of airplane
detection. The other is regression-based single-stage object recognition, such as Single Shot
Detector (SSD) (Liu et al., 2016; Zhang et al., 2020; Yang & Wang, 2019), You Only Look
Once (YOLO) series (Redmon et al., 2016; Bochkovskiy, Wang & Liao, 2020; Redmon &
Farhadi, 2017, 2018), etc., which use end-to-end methods to classify and regress the object
image directly. Regression-based single-stage object recognition methods have a fast
detection speed, which can meet the real-time requirements. But there are still certain
defects in accuracy, especially for small objects such as airplanes in remote sensing images,
which are more susceptible to factors such as noise, light intensity, and weather. Also,
those algorithm generally have a low recall rate, missing detection and misdetection, etc. A
large number of scholars at home and abroad have made many explorations and
improvements to solve the above problems. Zhang et al. (2021) modified the depth of the
cross stage partial (CSP) module in Yolov4-tiny to strengthen feature extraction, at the
same time, it built a spatial pyramid pooling (He et al., 2015) module to increase the
receptive field of the feature map and improve the recall rate. However, the improvement
of network accuracy through the superposition of structures has undoubtedly increased a
large number of parameters, and the detection speed was greatly reduced. Zhou, Xu & Zhu
(2021) introduced the DeBlurring (Pan et al., 2018) algorithm and the dark channel prior
algorithm (He, Sun & Tang, 2010) to increase the network’s adaptability to the weather
environment, while adding a detection layer to improve the detection ability of small
objects in rain and fog. However, the image processing also increased time for network
training. Hou, Ma & Zang (2021) added an improved anti-residual block to the feature
fusion network, which it make feature mapping operate in high dimensions and improve
the ability of the model to detect small objects. However, the initial feature extraction layer
mechanism has not changed and the shallow feature information cannot be fully utilized,
and there is still a problem of missed detection on very small objects.

From the perspective of detection accuracy and speed, this article proposes an accurate
and efficient airplane detection algorithm (AE-YOLO). The main contributions of this
work are summarized as follows:
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1. Using a lightweight multi-dimensional attention mechanism in the backbone network
to optimize the feature expression ability of the backbone network and enhance the
network’s learning ability for small samples.

2. Using the weighted two-way feature pyramid operation fuses features to obtain richer
semantic information and location information.

3. The recognition network was reconstructed by exploiting a lightweight module, which
greatly improves detection accuracy and speed of airplane objects.

4. We experiment on the airplane dataset, and the results show that the algorithm in this
article has a better detection performance than Yolov4-tiny in the detection of airplane
images with ground looks similar to background in color, densely distributed, and
overexposed.

The rest of this article is organized as follows: an airplane object detection algorithm
named AE-YOLO is proposed in “AE-YOLO”. “Experimental process and result analysis”
presents the experimental environment, datasets, evaluation metrics used in the
experiments and the performance of each improved module. Finally, a concise conclusion
of the whole work is given in “Conclusion”.

AE-YOLO
Network structure
This section will introduce the proposed network model AE-YOLO in detail. Its structure
is shown in Fig. 1. It mainly consists of three parts: the lightweight multi-dimensional
attention backbone feature extraction network (ghost CSP) (shown in the red box of
Fig. 1), the weighted feature fusion network BiFPN (Tan, Pang & Le, 2020) (shown in the
green box of Fig. 1) and the YOLO-head detection (shown in the yellow box of Fig. 1).
Taking the input image 512� 512 as an example, the detection process is mainly divided
into three steps:

(a) Feature extraction. First, the features are extracted and down-sampled through two
ghost (Han et al., 2020) convolution operations. At the same time, BatchNormalization
(Jian-Wei et al., 2020) normalization and LeakyRelu (Schmidt-Hieber, 2020) activation

Figure 1 AE-YOLO structure. Full-size DOI: 10.7717/peerj-cs.1331/fig-1
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functions are added after the convolution operation to avoid gradient disappearance and
gradient descent problem, and it can improve the generalization of the network. Then the
obtained feature map goes through the ResBlock_LCBAM module three times.
ResBlock_LCBAM divide the feature map of the base layer into two parts by using the CSP
structure, and it adds a residual edge next to the residual block through cross-layer
connection. It then merges them and extracts important channels and spatial information
through the LCBAM attention module, which reduces the missed detection rate of small
objects. Finally uses maxpooling for down-sampling.

(b) Feature fusion. The three-layer feature maps with resolutions of 64� 64, 32� 32,
and 16� 16 were selected from the backbone network, and the two-way weighted feature
pyramid was used for feature fusion. By assigning a weight to each branch, the weight
information of each branch was learned through end-to-end network training and
therefore improves the utilization of features.

(c) Object prediction. The input image is divided into s� s grids. Each grid predicts
three bounding boxes of different sizes and the coordinate offset value and confidence level
corresponding to each bounding box. The predicted offset value was decoded through the
decoding method, and it can generate the final bounding box coordinates. Finally, by
setting a threshold, the non-maximum suppression algorithm (Salscheider, 2021) is used
for post-processing, and the result with the highest score is selected and output it.

Multi-dimensional attention feature extraction network
In the convolutional neural network, the airplane object is susceptible to interference and
is not conducive to the detection of small objects in the complex background because the
airplane object in the feature map has the same importance as other complex backgrounds.
In order to increase the recognition ability of feature maps for specific areas and specific
channels, AE-YOLO introduces a multi-dimensional attention module to increase the
importance of the object area and improve the detection ability.

We propose a plug-and-play lightweight multi-dimensional attention module LCBAM
(Light-CBAM) based on the attention mechanism of CBAM (Woo et al., 2018) and ECA
(Wang et al., 2020). By using channel attention and spatial attention, it makes the feature
map to infer the channel attention feature map with each channel as the unit and the
spatial attention feature map with the pixel point as the unit in the order of two
independent dimensions, and then multiplies the generated attention feature map by the
input feature map for adaptive feature refinement. At the same time, one-dimensional
convolution is used in the channel part to carry out cross-channel interactive fusion of
one-dimensional channel attention, which can avoid the loss of information caused by
fully connected layer compression and increases the parameter of the model to a constant
level. This allows the network to better focus on the questions of “what” and “where” the
object is. Figure 2 shows the overall flow of the LCBAM module.

Given an intermediate feature map F, one-dimensional channel attention Mc is
generated through the channel attention module first. Then multiply the channel attention
Mc by the input feature map with element to obtain the feature map F′ and input it into the
spatial attention module to generate space attention module Ms, and then multiply the

Li et al. (2023), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.1331 4/20

http://dx.doi.org/10.7717/peerj-cs.1331
https://peerj.com/computer-science/


spatial attention by F′ to generate the final feature map F′′. The expressions can be defined
as follows:

F0 ¼ McðFÞ � F (1)

F00 ¼ MsðF0Þ � F0 (2)

To generate the channel attention module, follows these steps. First, using the global
average pooling and maxpooling operations on the feature map F to increase the receptive
field of the feature map and to aggregate the global spatial information of the feature map.
Two different feature descriptors Fc

avg and F
c
max are generated at the same time. Then using

a one-dimensional convolution with a convolution kernel length of k to perform cross-
channel fusion of k channels in the neighborhood of the channel, and finally add the two
features after the convolution by element and use the sigmoid (Mourgias-Alexandris et al.,
2019) activation function to generate a one-dimensional channel attention Mc. Figure 3
shows a comparison diagram of CBAM channel attention and our proposed channel
attention. The initial fully connected layer is modified to reduce the information loss
caused by compression of the fully connected layer.

Mc can be defined as Eq. (3):

McðFÞ ¼ rðf k1 ðAvgpoolðFÞÞ þ f k1 ðMaxpoolðFÞÞÞ ¼ rðf k1 ðFc
avgÞ þ f k1 ðFc

maxÞÞ (3)

Figure 2 LCBAM module. Full-size DOI: 10.7717/peerj-cs.1331/fig-2

Figure 3 The pipeline of channel attention: (A) original channel attention module and (B) the
proposed channel attention module. Full-size DOI: 10.7717/peerj-cs.1331/fig-3
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where f k1 represents the one-dimensional convolution operation with the convolution
kernel size k. rð�Þ denotes Sigmoid function. The size of k is defined as Eq. (4) (Wang et al.,
2020).

k ¼ j logðCÞ þ 1
2

jodd (4)

where C represents the number of channels of the input feature map, and j � j represents
the nearest odd number. The generation steps of the spatial attention module can be
described as follows: average pooling and maxpooling of F′ can be performed in the spatial
dimensions respectively. Fs

avg and F
s
max descriptors in two spatial dimensions are generated,

and then the two spatial features are spliced together to form a new spatial feature map,
which its spatial channel number is 2. Finally, convolution is performed by convolution
operation and the sigmoid activation function is used to generate a two-dimensional
spatial attention mechanism Ms. This operation can be defined as Eq. (5):

MsðF0Þ ¼ rðf 7�7ð½AvgPoolðF0Þ;MaxPoolðF0Þ�ÞÞ (5)

where f 7�7 denotes a 7� 7 convolution operation, r indicates the use of the sigmoid
activation function.

Since the initial backbone network consists of three standard convolutions and three
ResBlocks, each ResBlock module only performs four convolution operations and the
entire backbone network uses only 15 convolutions to extract the input image, the network
structure is too simple. When the airplane object is very small or the background color is
similar, the extracted airplane object information is less and the network’s ability to
distinguish useful features is weak, which is easy to cause missed detection. In order to
solve this problem, AE-YOLO is based on the idea that shallow feature structure is simple
and universal and the deep features are more complex and abstract (Fu et al., 2021), an
improved attention mechanism LCBAM (Resblock_LCBAM module) is added after the
convolution operation in the three deeper Resblock modules. The structure of
Resblock_LCBAM module is shown in Fig. 4. The attention mechanism is applied to the
feature map generated by the convolution operation so that the network self-learns the
importance of each channel and spatial information and optimizes the weight information
in the feature map, and the channel and space area are used that makes the substantial
contribution. It means that the airplane object can be effectively distinguished from the
background information without causing the parameters to increase in numbers, provides
a good foundation for the subsequent feature fusion and prediction.

Figure 4 Resblock_LCBAM module. Full-size DOI: 10.7717/peerj-cs.1331/fig-4
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Weighted two-way feature fusion network
The initial Yolov4-tiny uses FPN (Feature Pyramid Networks) (Kirillov et al., 2019) as the
feature fusion network, and the P4 and P5 feature maps are obtained by using the
backbone network to compress with 16 times and 32 times respectively. The channel is
spliced with upsampling P5 and P4, two feature maps with sizes of 26� 26 and 13� 13
are generated and input them into the detection layer for detection. This means that many
details and position information of the object are lost in the feature map for objects with a
size smaller than 16� 16 pixels, which cannot meet the detection requirements for small
objects. In the remote sensing image airplane dataset, small objects are in the majority and
the pixel ratio is very small (Shi et al., 2021). Local features and detailed information will be
lost by using deep feature maps. Therefore, the AE-YOLO model adds a layer of feature
scale to improve the detection accuracy of small objects. The specific method is to perform
upsampling by using the fusion of P5 and P4, and merge it with the feature map of P3
(compressed eight times) to generate a three-layer prediction layer. This is shown in
Fig. 5A.

The fact that the high resolution of shallow features have richer detail information, the
low resolution of deep features have richer semantic information. However, FPN simply
performs a feature fusion with P4 and upsampling of the P5 feature layer, and the
utilization of the feature information extracted from the backbone network is too low. In
order to fully integrate the shallow detail information with the deep semantic information,
the AE-YOLO network architecture adds a top-down channel fusion on the basis of FPN.
In the meantime, by reference to the bidirectional feature fusion (BiFPN) (Tan, Pang & Le,
2020) idea, this article removes the small contribution nodes with only one input edge, and
uses the residual method (He et al., 2016) to add one jump connection when the input and
output nodes are in the same layer, so that more features are merged without increasing
computational overhead. Finally, considering that the contributions of these different
input features to the output features are not equal, learnable weights are introduced to

Figure 5 Feature fusion network: (A) FPN and (B) BiFPN. Full-size DOI: 10.7717/peerj-cs.1331/fig-5
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learn the importance of different input features. Fast normalized fusion is used in the
selection of weights. Under the premise of similar to softmax (Sharma, Sharma & Athaiya,
2020) in learning behavior and accuracy, the running speed on the GPU is increased by
30%. The definition is given by Eq. (6):

O ¼
X
i

wi

eþP
j wj

� Ii (6)

where i and j represent the number of input feature maps by the feature fusion node, Ii
represents the input feature map matrix. e ¼ 0:0001, wi and wj represent the weight of the
input feature map. The final fusion method is shown in Fig. 5B, take the P4 td node for
example, the expression is shown in Eq. (7):

P4 td ¼ Convðw1 � P4 inþ w2 � resizeðP5 inÞ
w1 þ w2 þ e

Þ (7)

where P4 td represents the first fusion result, which is composed of two branches. The two
branches are the feature map obtained through P5 in upsampling and P4 td, respectively.
resizeð�Þ represents the upsampling operation of feature map with the unified size. w1

represents the weight occupied by P4 in, and w2 represents the weight occupied by P5 in.

Lightweight recognition network
In order to balance the detection accuracy and speed of the model, we took the perspective
of lightweight, the entire network is reconstructed by the lightweight ghost module, which
reduces a lot of redundancy in the intermediate feature maps of mainstream convolutional
neural networks, and greatly reduces the computation and parameters while maintaining
the accuracy.

Given an input feature map X 2 Rc�h�w, where c is the number of input channels, h and

w are the length and width of the input feature map, a convolution kernel f 2 Rc�k�k�n is
used, k is the size of the convolution kernel, and n is the number of convolution kernels,
then using standard convolution to generate the feature map as shown in Fig. 6A. The
expressions can be defined as follows:

Y ¼ X � f þ b (8)

where � represents the convolution operation, b represents the bias term. Y 2 Rh0�w0�n

represents the output feature map with the number of output channels n, and the height
and width are h0 and w0 respectively, then the computation amount of the standard
convolution is n� h0 � w0 � c� k� k (Albawi, Mohammed & Al-Zawi, 2017).

However, the ghost module uses the cheap linear operations to complete the generation
of feature redundancy, which reduce a large number of convolution operations, specifically
as follows: First, the standard convolution is used to generate the inherent features

Y 0 2 Rh0�w0�mðm � nÞ of the m-layer channel, and then based on Y′, a simple linear m
change is used to obtain the ghost feature. Finally, the two sets of feature maps are spliced
in the specified dimension. As shown in Fig. 6B, the expressions are as shown in Eqs. (9)
and (10):
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Y 0 ¼ X � f 0 þ b (9)

yij ¼ �i;jðy0iÞ;8i ¼ 1; � � � ;m; j ¼ 1; � � � ; s (10)

where Eq. (9) represents thatm intrinsic features ðm � nÞ are generated by using standard
convolution. y0i represents the i-th inherent feature in Y′. �i;j represents the j-th linear
operation which is used to generate the j-th ghost feature yi;j, that is to say, y0i has one or
more ghost features fyijgsj¼1. Finally, m� s ¼ n feature maps are generated as the output
of the ghost convolution module, so using the ghost module can generate the same number
of feature maps as normal convolution.

In order to improve the processing speed, 3� 3 or 5� 5 linear operations are used.
Suppose the average size of the convolution kernel used in the linear operation part is
d � d, then the speedup ratio of the standard convolution and the ghost module
convolution can be defined as Eq. (11):

SR ¼ nh0w0ckk
ns�1h0w0ckkþ ðs� 1Þns�1h0w0dd

¼ ckk
s�1ckkþ ðs� 1Þs�1dd

¼ sc
sþ c� 1

	 s (11)

where the size of k and d is the same, and s 
 c, so the computation amount of the
standard convolution obtained by the final simplification is s times that of the ghost
module. This article draws on the idea of ghost module and replaces all standard
convolutions in the entire object recognition network with ghost convolutions, which
significantly improves the detection speed of the algorithm.

EXPERIMENTAL PROCESS AND RESULT ANALYSIS
Experimental environment
The computer hardware and software configuration used in this experiment are as follows.
CPU is Intel(R) 3.3Core(TM) i7-10750H and GPU is Nvidia GeForce GTX 1660Ti. The
experiments are implemented on the PyTorch deep learning framework with 16 GB RAM

Figure 6 Comparison of convolution methods: (A) standard convolution and (B) ghost convolution.
Full-size DOI: 10.7717/peerj-cs.1331/fig-6
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in Windows computer. Pycharm compilation software and python programming language
is used.

Dataset
At present, there is a lack of public datasets suitable for deep learning training in the
research of remote sensing image airplane object detection. The airplane datasets used in
this article are derived from the remote sensing image datasets RSOD (Long et al., 2017)
and UCAS-AOD (Zhu et al., 2015), which are photographed and marked by Wuhan
University and University of Chinese Academy of Sciences respectively. These mainly
contain 1,446 images and 12,475 airplanes with dense distribution, ground looks similar to
background in color, overexposure, normal distribution, etc. For the flying aircraft in the
remote sensing image, because the distance between the shooting position and the aircraft
is much larger than the distance between the aircraft and the ground, it can not be seen that
the aircraft is flying, so the flying aircraft can be approximately regarded as taking the
ground as the carrier.

Evaluation metrics
In order to compare detection performance of the algorithm before and after improvement
on objects such as blur and exposure in the airplane dataset, this article selects the
precision rate (P, precision), the recall rate (R, Recall), and the average precision (AP,
Average Precision) to evaluate the detection efficiency of the algorithm. Detecting each
image required time (t) represents the detection rate of the model. P, R and AP are defined
as follows:

P ¼ TP
TP þ FP

(12)

R ¼ TP
TP þ FN

(13)

AP ¼
Z 1

0
PðRÞdR (14)

where TP represents the number of true detected positive samples, FP represents the
number of false detected positive samples, and FN represents the number of false detected
negative samples. R indicates that all true objects are detected by the algorithm, and P
indicates that how many of the detected objects are true objects. AP represents the average
detection rate of a single category.

Analysis of results
Training process

In the experiment, the initial learning rate is set to 0.001. The network is trained for a total
of 100 epochs, and the learning rate is changed to 0.1 times that of the previous one every
30 epochs. The batch_size is set to 4, and the adam optimizer is used to optimize the
network. The input image size is 512� 512 for training all models. In the training process,
the mosaic data enhancement method is used to process the data set. At first, four images
are randomly selected and cropped and all splices are combined together are combined
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together training data, which improves the diversity of the dataset. Then, it is randomly
assigned in a ratio of 8:2, 80% is used as training data, 20% is used as test data, and 90% of
the training set is used for training and 10% for validation. Figure 7 shows the loss drop
curve and the AP rise curve of the initial Yolov4-tiny algorithm and the AE-YOLO
algorithm, respectively. Along with the increasing of iteration times, both AE-YOLO and
Yolov4-tiny gradually tend to be stable, and the final loss value converges to about 1.2 and
1.8 respectively. The AP of yolov4-tiny is stable at around 90% and the AP value of AE-
YOLO is stable at around 98%. The detection effect of AE-YOLO is better, and it is more
suitable for the detection of small airplane objects.

Validity analysis of the proposed method
(a) Performance of different attention mechanisms
In order to verify the effectiveness of the proposed attention mechanism, AE-YOLO

uses SE attention mechanism, ECA attention mechanism, CBAM attention mechanism
and improved LCBAM in the Yolov4-tiny initial backbone network for comparative
experiments, and the comparison results are shown in Table 1. The results show that the
AP and recall rate are greatly improved compared with the initial Yolov4-tiny regardless of
which attention mechanism is used, and AP of the four models is improved by 5.45%,

Figure 7 Comparison of loss value and AP value during training: (A) loss drop curve comparison
and (B) AP rise curve. Full-size DOI: 10.7717/peerj-cs.1331/fig-7

Table 1 Performance comparison of different attention mechanisms. The best and the second results
are highlighted in bold and underline, respectively.

Model R (%) P (%) AP (%) Parameter increment # t (ms) #
Yolov4-tiny 85:45 96:96 90:30 0 9:05

+SE 92:74 94:54 95:75 43;008 10:75

+ECA 93:00 94:59 95:83 15 10.29

+CBAM 93.56 95:12 96.06 690;217 14:68

+LCBAM 93:86 95.14 96:19 309 10:53
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5.53%, 5.76% and 5.89% respectively. It indicates that the attention mechanism can well
optimize the feature map in the backbone network, which it can enhance the attention to
important information, reduce the missed detection and improve the recall rate of small
airplane objects through adaptive weight distribution. The LCBAM proposed in this article
has the best detection effect. SE and ECA only use channel attention and ignore the spatial
information of small objects in the feature map, and the accuracy improvement is less than
CBAM. But ECA uses a local cross-channel interaction strategy without dimensionality
reduction, aggregates the k neighborhoods information of the channel, and adaptively
selects the size of the one-dimensional convolution kernel, which avoids the loss of
information caused by the compression of the fully connected layer in SE, and its
performance is 0.08% higher than SE and the number of parameter only increase 15.
Although CBAM adds spatial attention and its detection accuracy is much improved
compared with SE and ECA, the number of model parameters increases a lot and there is
also the problem of information loss caused by the aggregation of fully connected layers.
The LCBAM proposed in this article achieves the best final recall rate and detection
accuracy by combining the advantages of CBAM and ECA. Compared with Yolov4-tiny,
the recall rate and detection accuracy of the network with LCBAM increased by 8.41% and
5.89% respectively and the number of parameters only increased by 309. The detection
time of each image is also only 1.48 ms slower. Figure 8 shows the rising curve of the
detection accuracy of these models during the training process. As the number of iterations
continues to increase, the AP values of these models continue to rise, and gradually become
stable after epoch50. The results show that LCBAM has the highest detection accuracy and
the best effect.

(b) Detection effect of different feature fusion networks
In order to verify the effect of the bidirectional feature fusion network used in this

article, the multi-scale feature fusion networks such as two-layer FPN, three-layer FPN,
PANet and BiFPN are used for comparison in the case of using the same backbone feature
extraction network (namely, adding LCBAM to the backbone network) and parameter

Figure 8 AP rise curves of different attention mechanisms.
Full-size DOI: 10.7717/peerj-cs.1331/fig-8
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settings, and the results are shown in Table 2. It can be seen that the two-layer FPN used in
the initial Yolov4-tiny is not suitable for airplane data sets with many small objects and the
detection accuracy is low. After adding a shallow feature map, it contains more detailed
features. The detection accuracy is improved by 1.27% compared with two-layer, but there
is only one-way feature fusion and the shallow feature information is not fully utilized. The
top-down bidirectional feature fusion is added to PANet, which improves the algorithm’s
ability to extract low-level features and improves the ability to locate small airplane objects.
The detection accuracy is improved by 1.58% compared with the two-layer FPN. At the
same time, in PANet, five consecutive convolutions are used to process the feature map
after splicing, which improves the accuracy and also increases greatly the number of
parameters. The BiFPN used in this article adopts bidirectional feature fusion similar to the
PANet structure and assigns a weight to each input branch, which enables the network to
learn the importance of each input branch autonomously, and achieves the highest
detection accuracy among multiple scale feature fusion methods. Compared with the
original FPN-2, the detection time is increased by 4.59 ms. Figure 9 shows the rise curve of
AP value during training by using different feature fusion networks.

(c) Performance of lightweight module
In order to balance the detection speed and accuracy of the algorithm, the lightweight

ghost module is used to reconstruct the object recognition network. Table 3 verifies the

Table 2 Performance comparison of different feature fusion networks. The best and the second
results are highlighted in bold and underline, respectively.

Model R (%) P (%) AP (%) Parameter increment # t (ms) #
FPN-2 93:86 95:14 96:19 0 10:53

FPN-3 94:55 96:64 97:46 445,330 13.31

PANet 94:21 97.41 97.77 4;214;418 17:03

BiFPN 94.38 97:59 98:26 1;897;362 15:12

Figure 9 AP rise curve of different feature fusion networks.
Full-size DOI: 10.7717/peerj-cs.1331/fig-9
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detection performance after using the ghost module, namely, the ghost module is used to
replace standard convolution based on experiment (b). For standard convolution, it can be
clearly seen from the last two lines of Table 3 that after using the ghost module, the
parameters of the model is reduced to 50.4% of original, the amount of computation is
reduced to 51.15% of its original magnitude and the detection time of each image is
reduced by 6.49 ms, and the detection accuracy is only reduced by 0.2%. It can greatly
reduce the parameters and computation of the model by using of ghost module, and has a
little effect on the detection accuracy. Compared with the original Yolov4-tiny, the
parameters and computations become 66.7% and 64.02% of the original Yolov4-tiny,
respectively, and the detection accuracy on the airplane dataset is improved by 7.76%.

(d) Comprehensive experiment (comparison with other algorithms)
In order to verify the effectiveness of the three improved methods proposed in this

article, ablation experiments were added, as shown in Table 4. Experiment A, Experiment
B, and Experiment C are the results of gradually increasing the three improved strategies.
From the table, it can be seen that each improved method has a relatively obvious effect on
Yolov4-tiny. The final model recall, accuracy, and average detection accuracy are 9.06%,
0.33%, and 8.03% higher than Yolov4-tiny, respectively, And the time to detect each image
is also 0.42 ms shorter than Yolov4-tiny, which is undoubtedly a lightweight and accurate
aircraft detection model for remote sensing images. It further illustrates the effectiveness of
the three methods proposed in this article. The use of multi-dimensional attention
mechanism and bidirectional weighted feature fusion network can improve the detection
accuracy and robustness of the algorithm, and the use of ghost convolution can reduce the
amount of calculation and parameters of the model, and improve the detection speed. It
shows that the AE-YOLO proposed in this article is a lightweight and efficient aircraft
detection model for remote sensing images.

Table 3 Performance comparison of lightweight modules. The best and the second results are high-
lighted in bold and underline, respectively.

Model AP (%) Params # Flops (G) # t (ms) #
Yolov4-tiny 90:30 5,874,116 5.17 9.05

(b)-BiFPN 98:26 7;771;787 6:47 15:12

(b)-BiFPN+ghost 98.06 3;918;603 3:31 8:63

Table 4 Ablation experiment.

Groups LCBAM BiFPN Ghost R/% P/% AP/% t/ms

Yolov4-tiny � � � 85.45 96.96 90.3 9.05

Experiment A
p � � 93.86 95.14 96.19 10.53

Experiment B
p p � 94.38 97.59 98.26 15.12

Experiment C
p p p

94.51 97.29 98.06 8.63
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In order to further evaluate the performance of the algorithm, this article compares the
performance of AE-YOLO algorithm with the state-of-the-art neural network algorithms
on the airplane dataset, including large convolutional neural networks Yolov3, Yolov4,
Vgg-SSD and lightweight convolutional neural networks Mobilenet-SSD, Yolov4-tiny. The
comparison results are listed in Table 5. As shown in Table 5, whether it is a large network
or a lightweight network, the average detection accuracy of the algorithm proposed in this
article can achieve the best results. Compared with Yolov3, Yolov4, and Vgg-SSD, it has

Table 5 Performance comparison between different algorithms. The best and the second results are
highlighted in bold and underline, respectively.

Model R (%) P (%) AP (%) Params # Flops (G) # t (ms) #
Yolov3 – – 91:01 61;529;119 49:63 37:78

Yolov4 95:02 96:51 97.51 63;937;686 45:26 50:50

Vgg-SSD 78:75 97:65 94:91 23;745;908 87:73 23:80

Yolov4-tiny 85:45 96:96 90:30 5;874;116 5:17 9:05

Mobilenet-SSD 81:08 97.34 94:38 3;675;256 1:91 8:54

Mobilenet-Yolov4 94:51 95:30 97:23 12;266;614 15:26 –

AE-YOLO 94.51 97:29 98:06 3,918,603 3.31 8.63

Figure 10 AP comparison of the different algorithms: (A) Yolov3, (B) Yolov4, (C) Vgg-SSD, (D) Yolov4-tiny, (E) Mobilenet-SSD, and (F) AE-
YOLO. Full-size DOI: 10.7717/peerj-cs.1331/fig-10
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increased by 7.05%, 0.55%, and 3.15%, respectively, and it has increased by 7.76%, 3.68%
and 6.93%, respectively, compared with the lightweight Yolov4-tiny and Mobilenet-SSD
and Mobilenet-Yolov4. Although the amount of parameters and computation does not
reach the minimum value, it can also meet the conditions of deployment, and meanwhile
meet the demand for rapid detection of airplane. All of this explained that the three
methods proposed in this article are effective. The use of multi-dimensional attention
mechanism and bidirectional weighted feature fusion network can improve the detection
accuracy and robustness of the algorithm, and the use of ghost convolution can reduce the
computation and parameters of the model, and it can improve the detection speed,
indicating that the AE-YOLO proposed in this article is a lightweight and efficient airplane
detection algorithm for remote sensing images. Figure 10 shows the AP comparison of the
different algorithms. As Fig. 10 shows, the AE-YOLO algorithm has the largest area under
the PR curve and the best detection performance.

CONCLUSION
Small airplane objects are easily affected by natural environment such as illumination and
ground background, there is high missed detection rate and low detection accuracy of
small airplane objects in remote sensing images. This article proposes an accurate and
efficient algorithm AE-YOLO to the above problems. A lightweight multi-dimensional
attention mechanism LCBAMwas firstly integrated into the backbone network to enhance
the feature extraction capability of the backbone network. Then, a weighted bidirectional
feature fusion network was used to fuse the features by making full use of the details of the
shallow features and the deep features, and to learn the importance of each branch through
self-learning weights to enhance the utilization of features. To balance detection rate and
detection accuracy, a lightweight ghost module was used to reconstruct the network in the
end. The experimental results show that the proposed AE-YOLO algorithm improves the
detection accuracy by 7.76% compared with Yolov4-tiny, and reduces the parameters and
computation to 50.4% and 51.15% of the original, respectively. It also has a good detection
effect in airplane images with densely distributed in the natural environment,
overexposure, and ground looks similar to background in color. The experiments also
found that the proposed AE-YOLO algorithm is insufficient for the detection of some
objects with serious occlusion. For future work, we will continue to enhance the proposed
algorithm and improve its detection performance on the data enhancement of small
objects and the detection of objects with serious occlusion and blurred background.

ACKNOWLEDGEMENTS
The authors would like to thank the anonymous reviewers and editors for thoughtful
comments and valuable suggestions to improve the quality. The authors would like to
express their appreciation to the providers of the UCAS-AOD and RSOD datasets.

Li et al. (2023), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.1331 16/20

http://dx.doi.org/10.7717/peerj-cs.1331
https://peerj.com/computer-science/


ADDITIONAL INFORMATION AND DECLARATIONS

Funding
The work was supported by the Science and Technology Research and Development Plan
Project of Handan, Hebei Province, China (21422031289) and the Ministry of Education
University-Industry Collaborative Education Program, China (220601828023121). The
funders had no role in study design, data collection and analysis, decision to publish, or
preparation of the manuscript.

Grant Disclosures
The following grant information was disclosed by the authors:
Science and Technology Research and Development Plan Project of Handan, Hebei
Province, China: 21422031289.
Ministry of Education University-Industry Collaborative Education Program, China:
220601828023121.

Competing Interests
The authors declare that they have no competing interests. Hao Liu is employed by State
nuclear power demonstration plant Co. Ltd.

Author Contributions
� Li Li conceived and designed the experiments, performed the experiments, performed
the computation work, prepared figures and/or tables, authored or reviewed drafts of the
article, and approved the final draft.

� Na Peng conceived and designed the experiments, performed the experiments,
performed the computation work, prepared figures and/or tables, authored or reviewed
drafts of the article, and approved the final draft.

� Bingxue Li analyzed the data, performed the computation work, authored or reviewed
drafts of the article, and approved the final draft.

� Hao Liu analyzed the data, performed the computation work, authored or reviewed
drafts of the article, and approved the final draft.

Data Availability
The following information was supplied regarding data availability:

The code is available at GitHub and Zenodo: https://github.com/Lbx2020/AE-Yolo;
Lbx2020. (2022). Lbx2020/AE-Yolo: First release of AE-Yolo (v1.0.0). Zenodo. https://doi.
org/10.5281/zenodo.7423854.

The data is available at:
-RSOD dataset: https://github.com/RSIA-LIESMARS-WHU/RSOD-Dataset-#rsod-

dataset.
-UCAS-AOD dataset: https://github.com/Lbx2020/UCAS-AOD-dataset.

Li et al. (2023), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.1331 17/20

https://github.com/Lbx2020/AE-Yolo
https://doi.org/10.5281/zenodo.7423854
https://doi.org/10.5281/zenodo.7423854
https://github.com/RSIA-LIESMARS-WHU/RSOD-Dataset-#rsod-dataset
https://github.com/RSIA-LIESMARS-WHU/RSOD-Dataset-#rsod-dataset
https://github.com/Lbx2020/UCAS-AOD-dataset
http://dx.doi.org/10.7717/peerj-cs.1331
https://peerj.com/computer-science/


REFERENCES
Albawi S, Mohammed TA, Al-Zawi S. 2017.Understanding of a convolutional neural network. In:

2017 International Conference on Engineering and Technology (ICET). Piscataway: IEEE, 1–6.

Bochkovskiy A, Wang C-Y, Liao H-YM. 2020. Yolov4: optimal speed and accuracy of object
detection. ArXiv preprint DOI 10.48550/arXiv.2004.10934.

Chen S, Zhong S, Xue B, Li X, Zhao L, Chang C-I. 2020. Iterative scale-invariant feature
transform for remote sensing image registration. IEEE Transactions on Geoscience and Remote
Sensing 59(4):3244–3265 DOI 10.1109/TGRS.2020.3008609.

Dollár KHGGP, Girshick R. 2017. Mask R-CNN. In: Proceedings of the IEEE International
Conference on Computer Vision. 2961–2969.

Fu G, Huang J, Yang T, Zheng S. 2021. Improved lightweight attention model based on CBAM.
Computer Engineering and Applications 57(20):150–156
DOI 10.3778/j.issn.1002-8331.2101-0369.

Girshick R, Donahue J, Darrell T, Malik J. 2014. Rich feature hierarchies for accurate object
detection and semantic segmentation. In: Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. 580–587.

Han K, Wang Y, Tian Q, Guo J, Xu C, Xu C. 2020. Ghostnet: more features from cheap
operations. In: Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Piscataway: IEEE, 1580–1589.

He K, Sun J, Tang X. 2010. Single image haze removal using dark channel prior. IEEE Transactions
on Pattern Analysis and Machine Intelligence 33(12):2341–2353 DOI 10.1109/TPAMI.2010.168.

He K, Zhang X, Ren S, Sun J. 2015. Spatial pyramid pooling in deep convolutional networks for
visual recognition. IEEE Transactions on Pattern Analysis and Machine Intelligence 37(9):1904–
1916 DOI 10.1109/TPAMI.2015.2389824.

He K, Zhang X, Ren S, Sun J. 2016. Deep residual learning for image recognition. In: Proceedings
of the IEEE Conference on Computer Vision and Pattern Recognition. Piscataway: IEEE, 770–778.

Hou X, Ma J, Zang S. 2021. Airborne infrared aircraft target detection algorithm based on yolov4-
tiny. Journal of Physics: Conference Series 1865:042007 DOI 10.1088/1742-6596/1865/4/042007.

Jian-Wei L, Hui-Dan Z, Xiong-Lin L, Jun X. 2020. Research progress on batch normalization of
deep learning and its related algorithms. Acta Automatica Sinica 46(6):1090–1120
DOI 10.16383/j.aas.c180564.

Kirillov A, Girshick R, He K, Dollár P. 2019. Panoptic feature pyramid networks. In: Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. Piscataway: IEEE,
6399–6408.

Li L, Li B, Zhou H. 2022. Lightweight multi-scale network for small object detection. PeerJ
Computer Science 8(3):e1145 DOI 10.7717/peerj-cs.1145.

Liu W, Anguelov D, Erhan D, Szegedy C, Reed S, Fu C-Y, Berg AC. 2016. SSD: single shot
multibox detector. In: European Conference on Computer Vision. Berlin: Springer, 21–37.

Liu L, Ouyang W, Wang X, Fieguth P, Chen J, Liu X, Pietikäinen M. 2020. Deep learning for
generic object detection: a survey. International Journal of Computer Vision 128(2):261–318
DOI 10.1007/s11263-019-01247-4.

Long Y, Gong Y, Xiao Z, Liu Q. 2017. Accurate object localization in remote sensing images based
on convolutional neural networks. IEEE Transactions on Geoscience and Remote Sensing
55(5):2486–2498 DOI 10.1109/TGRS.2016.2645610.

Li et al. (2023), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.1331 18/20

http://dx.doi.org/10.48550/arXiv.2004.10934
http://dx.doi.org/10.1109/TGRS.2020.3008609
http://dx.doi.org/10.3778/j.issn.1002-8331.2101-0369
http://dx.doi.org/10.1109/TPAMI.2010.168
http://dx.doi.org/10.1109/TPAMI.2015.2389824
http://dx.doi.org/10.1088/1742-6596/1865/4/042007
http://dx.doi.org/10.16383/j.aas.c180564
http://dx.doi.org/10.7717/peerj-cs.1145
http://dx.doi.org/10.1007/s11263-019-01247-4
http://dx.doi.org/10.1109/TGRS.2016.2645610
http://dx.doi.org/10.7717/peerj-cs.1331
https://peerj.com/computer-science/


MingJun L, Yun Z, Rui Z, Cheng X. 2021. Remote sensing image object detection algorithm based
on receptive field enhancement. In: International Conference on Autonomous Unmanned
Systems. Berlin: Springer, 2336–2343.

Mourgias-Alexandris G, Tsakyridis A, Passalis N, Tefas A, Vyrsokinos K, Pleros N. 2019. An
all-optical neuron with sigmoid activation function. Optics Express 27(7):9620–9630
DOI 10.1364/OE.27.009620.

Nie G, Huang H. 2021. A survey of object detection in optical remote sensing images. Acta
Automatica Sinica 47:1749–1768 DOI 10.16383/j.aas.c200596.

Pan J, Ren W, Hu Z, Yang M-H. 2018. Learning to deblur images with exemplars. IEEE
Transactions on Pattern Analysis and Machine Intelligence 41(6):1412–1425
DOI 10.1109/TPAMI.2018.2832125.

Redmon J, Divvala S, Girshick R, Farhadi A. 2016. You only look once: unified, real-time object
detection. In: Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition.
779–788.

Redmon J, Farhadi A. 2017. Yolo9000: better, faster, stronger. In: Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition. Piscataway: IEEE, 7263–7271.

Redmon J, Farhadi A. 2018. Yolov3: an incremental improvement. ArXiv preprint
DOI 10.48550/arXiv.1804.02767.

Ren S, He K, Girshick R, Sun J. 2015. Faster R-CNN: towards real-time object detection with
region proposal networks. In: Cortes C, Lawrence N, Lee D, Sugiyama M, Garnett R, eds.
Advances in Neural Information Processing Systems. Curran Associates, Inc., 28.

Salscheider NO. 2021. Featurenms: non-maximum suppression by learning feature embeddings.
In: 2020 25th International Conference on Pattern Recognition (ICPR). Piscataway: IEEE, 7848–
7854.

Schmidt-Hieber J. 2020. Nonparametric regression using deep neural networks with relu
activation function. The Annals of Statistics 48(4):1875–1897 DOI 10.1214/19-AOS1875.

Shanmuganathan S. 2016. Artificial neural network modelling: an introduction. In: Artificial
Neural Network Modelling. Berlin: Springer, 1–14.

Sharma S, Sharma S, Athaiya A. 2020. Activation functions in neural networks. International
Journal of Engineering Applied Sciences and Technology 4(12):310–316
DOI 10.33564/IJEAST.2020.v04i12.054.

Shi L, Tang Z, Wang T, Xu X, Liu J, Zhang J. 2021. Aircraft detection in remote sensing images
based on deconvolution and position attention. International Journal of Remote Sensing
42(11):4241–4260 DOI 10.1080/01431161.2021.1892858.

Tan M, Pang R, Le QV. 2020. Efficientdet: scalable and efficient object detection. In: Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 10781–10790.

Tang F, Wang W, Li J, Cao J, Chen D, Jiang X, Xu H, Du Y. 2022. Aircraft rotation detection in
remote sensing image based on multi-feature fusion and rotation-aware anchor. Applied Sciences
12(3):1291 DOI 10.3390/app12031291.

Wang X, Shrivastava A, Gupta A. 2017. A-fast-RCNN: hard positive generation via adversary for
object detection. In: Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition. Piscataway: IEEE, 2606–2615.

Wang Q, Wu B, Zhu P, Li P, Zuo W, Hu Q. 2020. Supplementary material for ECA-Net: efficient
channel attention for deep convolutional neural networks. In: Proceedings of the 2020 IEEE/CVF
Conference on Computer Vision and Pattern Recognition. Seattle, WA, USA: IEEE, 13–19.

Li et al. (2023), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.1331 19/20

http://dx.doi.org/10.1364/OE.27.009620
http://dx.doi.org/10.16383/j.aas.c200596
http://dx.doi.org/10.1109/TPAMI.2018.2832125
http://dx.doi.org/10.48550/arXiv.1804.02767
http://dx.doi.org/10.1214/19-AOS1875
http://dx.doi.org/10.33564/IJEAST.2020.v04i12.054
http://dx.doi.org/10.1080/01431161.2021.1892858
http://dx.doi.org/10.3390/app12031291
http://dx.doi.org/10.7717/peerj-cs.1331
https://peerj.com/computer-science/


Woo S, Park J, Lee J-Y, Kweon IS. 2018. CBAM: convolutional block attention module. In:
Proceedings of the European Conference on Computer Vision (ECCV). 3–19.

Xiao Y, Tian Z, Yu J, Zhang Y, Liu S, Du S, Lan X. 2020. A review of object detection based on
deep learning. Multimedia Tools and Applications 79(33):23729–23791
DOI 10.1007/s11042-020-08976-6.

Xu C, Chen S, Jin-gang S, Lin Z, Yi-feng Z, Yu-hui Z. 2021. A survey of generic object detection
methods based on deep learning. Acta Electonica Sinica 49(7):1428
DOI 10.12263/DZXB.20200570.

Yang J, Wang L. 2019. Feature fusion and enhancement for single shot multibox detector. In: 2019
Chinese Automation Congress (CAC). Piscataway: IEEE, 2766–2770.

Zhang X, Zhang Y, He B, Li G. 2021. Research on remote sensing image aircraft target detection
techonlogy based on YOLOv4-tiny. Optical Technique 47(3):344–351
DOI 10.13741/j.cnki.11-1879/o4.2021.03.016.

Zhang Q, Zhou Y. 2022. Recent advances in non-gaussian stochastic systems control theory and its
applications. International Journal of Network Dynamics and Intelligence 1(1):111–119
DOI 10.53941/ijndi0101010.

Zhang Y, ZhouW,Wang Y, Xu L. 2020. A real-time recognition method of static gesture based on
dssd. Multimedia Tools and Applications 79(25):17445–17461
DOI 10.1007/s11042-020-08725-9.

Zhou J, Xu G, Zhu D. 2021. Improved YOLOV4-tiny for real-time object detection in rainy and
foggy road environment. Signal Processing 37(8):1550–1558
DOI 10.16798/j.issn.1003-0530.2021.08.023.

Zhu H, Chen X, Dai W, Fu K, Ye Q, Jiao J. 2015. Orientation robust object detection in aerial
images using deep convolutional neural network. In: 2015 IEEE International Conference on
Image Processing (ICIP). Piscataway: IEEE, 3735–3739.

Li et al. (2023), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.1331 20/20

http://dx.doi.org/10.1007/s11042-020-08976-6
http://dx.doi.org/10.12263/DZXB.20200570
http://dx.doi.org/10.13741/j.cnki.11-1879/o4.2021.03.016
http://dx.doi.org/10.53941/ijndi0101010
http://dx.doi.org/10.1007/s11042-020-08725-9
http://dx.doi.org/10.16798/j.issn.1003-0530.2021.08.023
http://dx.doi.org/10.7717/peerj-cs.1331
https://peerj.com/computer-science/

	Real-time airplane detection using multi-dimensional attention and feature fusion
	Introduction
	Ae-yolo
	Experimental process and result analysis
	Conclusion
	flink5
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


