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[Abstract]

In first-person perspective training system, the users needs realistic experience. For providing this experience, the system should
offer the users virtual and real images at the same time. We propose an automatic a persons’s arm segmentation and image
composition method. It consists of arm segmentation part and image composition part. Arm segmentation uses an arbitrary image
as input and outputs arm segment or alpha matte. It enables end-to-end learning because we make use of FCN in this part. Image
composition part conducts image combination between the result of arm segmentation and other image like road, building, etc. To
train the network in arm segmentation, we used arm images through dividing the videos that we took ourselves for the training
data.
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| . Introduction

Training simulation needs to practice specific skills, such as
fire fighter training platform[1], flight pilot training simulator[2],
car driving simulator[3] and etc. Such these simulations are often
operated on virtual reality based environment. These also have
third-person perspective or first-person perspective system, but
the effects of each perspective are different[4]. For obtaining
immersive experience, a simulator should offer the users
first-person perspective. And it will be even meaningful as a
simulator also provides realism. Therefore, a simulator needs to
provide virtual and realistic images at the same time as mixed
reality[5]. With this need, we focused on image matting.

Image matting takes an image I as input and divide it into
background B and foreground F assuming that I is composited
linearly by B and F. The formulation of image matting can be

expressed as
I=aF+(1—a)B,ac(0,1] 1)

where « is factor to decide the foreground opacity(alpha
matte). However, the formulation is ill-posed because F and B
are unknown in eq(1). Despite of the reason, conventional
image matting methods approached as closed-form matting[6]
and KNN matting[7], but those methods do not produce
accurate results. Some works tried to overcome the difficulty as
using deep learning[8, 9], though. On the other hand, there are
applications for portrait image matting[10, 11]. Those perform
image matting through getting semantic segment that it divide
into F and B, such as segment and non-segment. Like this
approach, we also perform image matting through decomposing
cockpit and non-cockpit area to show real and virtual image at
the same time.

In this paper, we propose a fully automatic segmentation
method for application to aircraft pilot training simulation. It
takes a cockpit image as input and makes a score map as output.
This score map means the probability whether a pixel belongs
on cockpit or not. So, it can be used as alpha matte and we can
obtain cockpit area in image. For this task, we use recent
convolutional neural networks(CNNs) that have encouraged to
solve some visual recognition problems like image
classification[12, 13], semantic segmentation[14, 15], object
detection[16] and etc. After taking cockpit segment in image,

we combine this segment and other images.

II. Related Studies

http://dx.doi.org/10.9728/dcs.2017.18.8.1509

2-1 Image Matting

Conventional image matting methods have poor performance
because these only use low-level features and weak high-level
context. Closed-form matting[6] derives alpha matte in a closed
form without explicit information whether a pixel is foreground
or background area. As it considers local region, it is often
called as local matting. In contrast, KNN matting[7] is similar
with closed-form matting, but it solves the limitations of local
matting by propagating alpha values across non-local neighbors
as using K-nearest neighbors method in a high dimensional
feature space. For this reason, this is called as non-local
matting. Recently, some works have applied deep learning to
image matting. Cho et al.[8] proposed deep convolutional
networks for image matting. Their system takes RGB image,
closed-form matting result, and KNN matting result as input.
And then, the system predicts high-quality alpha mattes. Xu et
al.[9] use encoder-decoder network to obtain alpha mattes and
small convolutional network to refine the result of

encoder-decoder network.

2-2 CNNs for Semantic Segmentation

CNN is initially proposed as LeNet[17] to recognize
hand-written digits. After a long time, AlexNet[12] showed the
best result in ImageNet Large-Scale Visual Recognition
Challenge(ILSVRC) in 2012. Because of success of AlexNet,
many studies have used CNN and VGGI16[13], FCN[14],
deconvolutional network[15] and WFSO[18] were released.
Especially, FCN enabled end-to-end learning to conduct
segmentation task because FCN replaced fully connected network
to fully convolutional network. For this reason, many researches

have made use of FCN and modified the architecture.

2-3 Application for Image Matting and Segmentation

There are some applications for specific purpose segmentation.
ADAS(Advanced Driver Assistance System)[3] uses an
encoder-decoder based convolutional neural network to show a
segmented image that segments are composed with road, tree, car
and etc. Shen et al.[10, 11] proposed that the application for
human portrait stylization using image matting. They showed that
the segmented image by person that is inferred by FCN can be

used in portrait image matting.



Fig. 1. Our system architecture

lIl. Our Approach
3-1 System Architecture

Our system architecture is illustrated in Fig. 1. It consists of
FCN based on VGG16 and matting method. VGG16 network
consists of 13 convolution layers, 5 pooling layers, and fully
connected network. Each convolution layer performs
2d-convolution with 3x3 filters and the result of previous layer.
And then, convolutional layer also performs ReLU function as a
nonlinear activation function (ReLU is f () =max(0,z)).
Each pooling layer reduces the size of the input. Fully connected
network is responsible for recognition on VGG16, but it can only

fixed size.
3-2 FCN based on VGG16

FCN solved this problem as changing fully connected network
to convolutional network with 1x1 filters. So FCN takes an
arbitrary sized image as input. For representation of segment,
FCN has deconvolutional layers that it can learn filters to

(a) (b)

Pooling

Convolution
1x1 Convolution
Deconvolution
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upsample the previous layer. As passing through deconvolutional
layers, FCN can infers the segment same sized with input. So this
network can be learned end-to-end and does not need any
interaction, whereas closed-form and KNN matting need further
information like trimap. each pixel on inferred image has same

value corresponding cockpit class.
3-3 Image Compositing

Next, we conduct conversion inferred image to alpha matte as
eq. (2),

Ali, j) =

{255 (1i, j) = Class;) @

o (G, j5) < Classj)

Class is a set of value for each class. We specify the value
of cockpit class as 21(e.g. Class, means none and Class,,
means a cockpit). So the values of an inferred image that
contains cockpit pixel area are 21 or 0. The extracted image is
composited other image like background. The compositing
equation is expressed as eq. (3),

(d) (e)

Fig. 2. (a) input (b) ground truth,(c) inference (d) foreground and (e) composited image. (d) is generated from (a) and (c), and (e) is

composited (d) and another image.
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Fig. 3. The part of images of our arm dataset

Sre(i, 5) .J)
Background (i, 7) (A(i,7) =0) )

Dst(i,7) = {

where Dst(i,j) is the result of a composited image,

Sre(i, §) is input image like an input image containing cockpit,

Background(i,7) is an image to be background. Fig. 2 shows

the images that are the source images or some intermediate
images, and final image.

http://dx.doi.org/10.9728/dcs.2017.18.8.1509

Fig. 4. The part of ground truth of our arm dataset

3-4 Data Preparation

To collect real arm images, we take a video shot, and divided
each frame. We choose a few images in these frames because
most frames are alike each other. Fig. 3 and Fig. 4. are illustrated
as our images and labels of our dataset. The size of images is
1920x1080. When they put in our system, the size is changed
224x224 because of time due to the curse of the dimension. Other
composited images are collected on another video shot.



V. Experimentation and Evaluation
4-1 Training and Testing

We use pre-trained VGG16 network on convolution layers of
FCN. As training 168 images of our small dataset as much as 20
epochs, the network is intentionally overfitting. The reason of
overfitting is to use our work on limited environment. Each image
has 224x224 size when it is put in our system. We use softmax
function as activation function on last layer and cross-entropy as
loss function. Softmax function and cross-entropy can be

expressed as

Vos = e
i n—lm—1 j 4)
DI
i
~ LS I+ (1-y)n (1)) 5)

where 1 and m are width and height of an image in eq. 4,

and n is a number of data, y is inference from the network, Q
is ground truth in eq. 5. We also use Adam[19] as optimizer in
learning rate le-6. Training task takes total 1141.201 sec.
Testing images are 13 images of our dataset. Each test image
has also same size with a train image. Testing task take total
5.709 sec, which take about 0.02 sec per each image(The
process time of 1% data is 1.78 sec because of GPU memory

allocation).

4-2 Experimental results

We evaluate our system on our testing task result. We report
region IU(lintersection over Union) evaluation. The evaluation is
expressed as

- [l _ 1 n
U, _Fi7meanIU— EZJ][U, (6)
008G = GT(R)
P(j. k)= {1 (8.(j,k) = GT, (4, k)) @
1 mz—lnjl 1 i
p=— P4, k), mean P=—) ;p; 8
mn ;[ =o5=o ni=1

where I is intersection, U is union between each inference

and corresponding label in eq.. 6, 7, is accuracy map, S, is a

)
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segment image, G'7; is ground truth image in eq. 7, and p;, is

the accuracy that is from summation £, being divided by the
size of P, in eq. 9. The result is on Table 1, Fig. 5. Our work is
executed with Tensorflow[20] on a single NVIDIA GTX 1070
8GB, Intel i7-7820HK 2.90GHz CPU, 16GB RAM, and
Windows 10 64-bit.

Table 1. The result of proposed system

mean P mean IU
Closed-form matting[6] 0.844 0.652
KNN matting[7] 0.916 0.776
Proposed system 0.913 0.916

V. Conclusion

We proposed automatic a person’s arm segmentation and
image compositing system. It consists of segmentation part and
image composition part. The segmentation part outputs arm
segment or alpha matte after training end-to-end. The
composition part composites the result of segmentation part and
other images. The composite result of our system can be used in
virtual-reality like FPP simulation.
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