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Abstract: Instance segmentation plays an important role in image processing. The Deep Snake algorithm based on contour iteration
deforms an initial bounding box to an instance contour end-to-end, which can improve the performance of instance segmentation, but has
defects such as slow segmentation speed and sub-optimal initial contour. To solve these problems, a real-time instance segmentation
algorithm based on contour learning was proposed. Firstly, ShuffleNet V2 was used as backbone network, and the receptive field of the
model was expanded by using a 5X 5 convolution kernel. Secondly, a lightweight up-sampling module, multi-stage aggregation (MSA) ,
performs residual fusion of multi-layer features, which not only improves segmentation speed, but also extracts effective features more
comprehensively. Thirdly, a contour initialization method for network learning was designed, and a global contour feature aggregation
mechanism was used to return a coarse contour, which solves the problem of excessive error between manually initialized contour and real
contour. Finally, the Snake deformation module was used to iteratively optimize the coarse contour to obtain the final instance contour. The
experimental results showed that the proposed method improved the instance segmentation accuracy on semantic boundaries dataset
(SBD), Cityscapes and Kins datasets, and the average precision reached 55.8 on the SBD; Compared with Deep Snake, the model
parameters were reduced by 87.2%, calculation amount was reduced by 78.3% , and segmentation speed reached 39.8 frame+s™'when
instance segmentation was performed on an image with a size of 512X 512 pixels on a 2080T1 GPU. The proposed method can reduce
resource consumption, realize instance segmentation tasks quickly and accurately, and therefore is more suitable for embedded platforms
with limited resources.

Key words: instance segmentation; ShuffleNet V2; lightweight network; contour initialization

segmentation algorithms mainly focused on two-stage

0 Introduction

segmentation. Among them, top-down instance

Instance segmentation is a combination task of object segmentation algorithm locates the object, generates a pre-

detection and semantic segmentation, including location
and classification of objects, pixel classification at the
semantic level, and distinction between different
instances from the same category. Instance segmentation
can be widely used in the fields of automatic driving,
robot grasping, security monitoring, and remote sensing
images. In these fields, accurate and fast object location
and contour segmentation of images are the prerequisites
for subsequent visual processing.

Instance segmentation was first proposed by Hariharan
et al. "

segmentation (SDS) model to simultaneously complete

who designed a simultaneous detection and

object detection and segmentation tasks. Based on this,
researchers have proposed many algorithms for instance
segmentation. In the early stage of research, instance

selection box, performs pixel-level segmentation in the pre-
selection box, and separates foreground from background.
Bottom-up instance segmentation algorithm is based on the
idea of semantic segmentation, which clusters the pixels
that belong to the same category, and performs category
judgment for every category to obtain the instance category.
In recent years, with the continuous development of deep
learning technology, the accuracy and performance of
instance segmentation have also been improved®*. He et
al. ™ proposed mask region-based convolutional neural
network (Mask R-CNN) that adds a mask branch network
on the basis of Faster R-CNN" to achieve instance
segmentation, which is the baseline algorithm for many
derivative applications. Liu et al. ™ proposed path
aggregation network (PANet) based on Mask R-CNN,
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which introduces a bottom-up path, expands the pyramid
feature extraction network, uses adaptive region of interest
(ROD)
information at different levels and further improves the

region feature pooling to integrate feature

performance of instance segmentation. Huang et al. '™
proposed a combination of mask scoring R-CNN (MS R-
CNN) and mask intersection over union (Mask ToU)
branch to predict the mask and score it to improve the
instance segmentation performance of the model, and then
proposed a new evaluation index for instance segmentation.

To increase the speed of instance segmentation, the
single-stage instance segmentation algorithm is proposed.
On the basis of fully convolutional networks (FCN) ,
instance FCN"' introduces instance information into
semantic segmentation in the form of a position-sensitive
map to achieve translation variability, and translates the
original FCN s single output channel into multiple channels
that are sensitive to instance positions. The mask of each
instance is achieved by aggregating position-sensitive map.
SOLOv2" dynamically segments every instance in the
image, and the mask of every instance is divided into mask
kernel prediction and mask feature learning, and
convolution generates instance masks to obtain faster
segmentation speed. With the introduction of a real-time
object detection algorithm, inspired by you only look once
(YOLO) : unified, real-time object detection, you only
look at coefficients (YOLACT) " splits the instance
segmentation into two parallel subtasks: one part obtains a
semantic segmentation prototype map similar to FCN, and
the other part predicts mask coefficient of each instance,
and finally the two parts are fused to obtain the instance
segmentation mask. The speed of YOLACT reaches more
than 30 frame per second, and real-time instance
segmentation can be realized while generating a high-
precision mask. Single shot instance segmentation with
(PolarMask) "™ is a fully
convolutional, anchor-free instance segmentation method.

polar representation
Based on fully convolutional one-stage (FCOS) object
detection network", it expands from 4 rays to 36 rays, and
constructs instance contours in polar coordinates. It does not
require a detection frame, and converts the instance
segmentation problem into an instance center point
classification problem and a dense distance regression
problem. Although the advantages in accuracy and speed
are not great, it has great implications for the research on
instance segmentation methods based on anchor-free
frames. Deep Snake is an active contour model based on
deep learning™”. The initial instance contour is manually
designed, and the circular convolution is designed according
to the circular topology of the contour, which is used for the

structured feature learning of the instance contour. Based on
this, a fast and accurate contour instance segmentation
method is proposed.

Although Deep Snake can improve the performance of
instance segmentation, the manual octagonal initial
contour cannot surround the instance well, nor can it
make full use of the information of initial object detection
and location. In the contour iteration deformation, the
feature vertex change path is complex and changeable,
which leads to the degradation of instance segmentation
performance. Furthermore, the manual design of the
initial contour takes a lot of time, which reduces the
speed of model inference. Although the existing Deep
Snake can achieve real-time segmentation speed on high-
performance GPUs, in practical application scenarios
such as autonomous driving and security monitoring, it
is often only possible to use devices such as embedded
GPUs with limited resources. At this time, Deep Snake

' which is far from

algorithm can only reach 5 frame-s™
the real-time requirements.

In this study, we proposed a real-time instance
segmentation algorithm based on network learning of
initial contour. Firstly, we used ShuffleNet V2 instead
of deep layer aggregation-34 (DILA-34) as the backbone
network to reduce the amount of parameters and
calculations in the network and replaced 3X3 depth
separable convolution with 5X5 depth separable
convolution to expand the receptive field of the model.
Secondly, we used multi-stage feature deep aggregation
as a lightweight up-sampling module to effectively
extract the features of input images. Thirdly, we used
direct regression to obtain the initial contour vertex of the
instance instead of the manual initial contour method and
global contour feature deformation to obtain the coarse
contour of the instance, so that the contour input into the
snake deformation module was closer to the ground truth
of the contour, and the accuracy of segmentation was
improved. Finally, the Snake deformation module was
used to iteratively optimize coarse contour to obtain the
final instance contour.

1 Related work

1.1 ShuffleNet V2

In the instance segmentation task, in addition to the
accuracy, the computational complexity of a network is
also an important factor to be considered, especially in
case of limited hardware platform resources and special
needs, such as extremely low latency in the field of
autonomous drive. In recent years, some excellent
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lightweight network structures have emerged, such as
MobileNet", EfficientNet"®, ShuffleNet"”, etc. These
networks maintain a good balance between running
speed and accuracy.

ShuffleNet V2" was proposed by MEGVII
Technology Team in 2018. Compared with ShuffleNet
V1, ShuffleNet V2 has new rules considering the factors
that affect the speed of the model, and overcomes the
shortcomings of the original version. Some original
lightweight methods usually use floating point operations
(FLOPs) as a main indicator to measure the complexity
of the model. However, a series of experiments showed
that if ShuffleNet V2 only relies on FLOPs, it is
problematic because networks with approximate FLOPs
will have different speeds. Therefore, two other
important indicators were proposed: memory access cost
and network parallelism cost.

ShuffleNet V2 presents a new network basic unit, as
shown in Fig.1. For the basic unit with a step size of 1,
an operation method named Channel split is introduced.
The channel of the input image is divided into two parts,
one part is directly passed down, the other part is
convoluted, and the results of two parts are
concatenated. Rel.U operation is not connected later and
Channel shuffle operation is performed before outputting
the feature map to solve the problem of poor information
exchange of different groups of convolutions. For the
down-sampling unit with a step size of 2, the channel is
doubled, and the input image is directly transmitted to
two parts. Finally, the results are concatenated, and
Channel shuffle operation is also performed.

Channel split

33 Depth-
wise Conv BN ReLU
BN RelL.U (Stride=2) 3><.3 Dcepth-
3x3 Depth- BN wise Cony
wise an\* (Stride=2)
BN
BN ReLLU

Channel shuffle

Concat

Channel shuffle

(b) Unit for down-sampling

(a) Basic unit

Fig. 1 ShuffleNet V2 basic blocks

1.2 Deep Snake

Deep Snake is an active contour model based on deep

learning. The initial instance contour is manually
designed, and circular convolution is designed according
to the circular topology of the contour, which is used for
the structured feature learning of instance contour.
Multiple iterations obtain a contour that is more suitable
for the contour of the instance. Based on this, a fast and
accurate contour instance segmentation method is
proposed.

After obtaining the initial contour of the instance
the Snake
deformation module is used to deform the contour to

through the object detection method,

obtain the final contour. The feature points of the
instance contour are different from ordinary image pixel
features, but similar to a discrete signal. Compared with
the traditional 2D convolution, circular convolution is
more suitable for the calculation of such discrete
features. Therefore, Deep Snake uses 1D circular
convolution calculation to calculate the contour vertices
shown in Fig.2, where blue points represent the features
on the contour points, yellow points represent 1D
convolution kernel, green points represent the volume,
dark green dots represent the features obtained by
circular convolution of the yellow convolution kernel and
the corresponding contour points.
* 9 .

L] &
0..'0

Fig.2 1D circular convolution'*

Deep Snake treats the vertices on the contour as a set
of discrete signals ( fy);= fiman, and computes the
features of contour vertex using 1D circular convolution
as

r

k)= (o s (1)

j=—r
where %4 is a 1D convolution kernel, and * is a 1D
convolution operation.

The Snake deformation module of Deep Snake
algorithm is got based on 1D circular convolution, as
shown in Fig.3, which consists of three parts: backbone
network, fusion module and prediction head"".
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Contour

CirConv-Bn-ReLU
CirConv-Bn-ReLU
CirConv-Bn-ReLU
CirConv-Bn-ReLLU
CirConv-Bn-ReLU
CirConv-Bn-ReLLU

Backbone

CirConv-Bn-ReLLU

Offsets

CirConv-Bn-ReLLU
1 x1Conv
Max pooling

1x1Conv-ReLU
1x1Conv

Fusion Prediction

Fig. 3 Snake contour deformation module

In Fig.3, the initial contour is input into the backbone
network. There are eight circular convolution layers in
the backbone network for multi-scale feature information
extraction, and the features of each vertex are output to
the fusion module. The fusion module connects the
contour vertex features of each scale at each layer, uses a
1X1 convolution kernel to forward, and compresses
feature information through maximum pooling to fuse
multi-scale contour features. In the prediction head

module, three convolutional layers are used to process

K5-stage2  K5-stage3 KS5-stage4

Input Conv1 MaxPool

Conv5

(a) Network architecture

— lterative deep aggregation

the fused features to generate offsets for contour
deformation of each vertex.

2 Proposed method

This paper presents a lightweight real-time instance
segmentation method based on contour learning. The
whole network is an easy-training end-to-end structure,
as shown in Fig. 4, which consists of three parts:
backbone,
deformation module.

initial contour module and snake contour

Localization

(¢) GCD-global contour deformation

Fig. 4 Lightweight instance segmentation method based on contour learning

—* Up-sampling 2x 4x
| 4x I l 8x
4x 8x 16x
Stage2(4x) Stage3(8x) Stage4(16x) Conv5(32x)
(b) MSA mulii-stage aggregation decoder
Firstly, the improved ShuffleNet V2 named

ShuffleNetV2-k5, as backbone network, starts from convl
and ends with multi-stage aggregation (MSA) to obtain
feature maps with different down-sampling ratios at each
stage. Secondly, the initial contour module contains a
prediction head which regresses the center point of instance
and the offsets relative to center point to obtain the initial
contour, and then global contour deformation globally fuses

the initial contour features to obtain a coarse contour which

is closer to the real contour. Finally, the coarse contour is
deformed twice by snake contour deformation module
which is named the first snake deformation and second
The
deformation module have been shown in Fig. 3 in
Section 1.2.

2.1 Improved ShuffleNet V2

2.1.1 ShuffleNetV2-k5
The lightweight network ShuffleNet V2 instead of

snake deformation. details of snake contour
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DI A as the backbone network will affect the depth and
receptive field of the model. Heat maps are used to return
the center point, height and width of the object, and
therefore the receptive field is of great significance. The
size of the receptive field is affected by the convolution
kernel. The larger the size of convolution kernel, the
larger the receptive field. However, as the size of the
convolution kernel increases, the parameter amount of
the network will increase greatly. Under the same
receptive field, the parameter amount and calculation
amount of two 3X 3 convolution kernels are only 18/25
of one 5X'5 convolution kernel.

However, depth convolution is often used instead of
traditional convolution in lightweight networks, and
stacking multiple small-scale convolution kernels into a
large-scale convolution is not applicable in the era of
depth-wise convolution. The parameters involved in
depthwise separable convolution calculation are mainly
composed of two parts: depthwise convolution and
Although
increases the

pointwise  convolution. expanding  the

convolution kernel size amount  of
parameters and calculations in the depthwise convolution
part, it obtains a larger receptive field. Therefore, we
replace the 3X3 depthwise separable convolution in
ShuffleNet V2 with a 5X5 depthwise separable
convolution to obtain a receptive field twice that of the
original algorithm and named it ShffleNetV 2-k5.

The existing ShuffleNet V2 pre-training model based
on ImageNet uses 3X 3 depth convolution, and lacks a
pre-training model based on 5X5 depth convolution.
For faster convergence of the model, we perform a
convolution kernel expansion operation on the 3X3
convolution kernel ShuffleNet V2 pre-training model to
obtain a 5X5 convolution kernel ShuffleNet V2 pre-
trained model. As shown in Fig. 5, the green area
represents the existing 3X3 depth convolution kernel
parameters, and the blue part 1s filled with O to obtain a
5X 5 depth convolution kernel.

Fig.5 Convolution kernel edge expansion operation

2.1.2 MSA
ShuffleNet V2, as the backbone network for feature

extraction, down samples the input image by 2 times
(2x), 4 times (4x), 8 times(8x), and 16 times (16x)
respectively to obtain the corresponding feature maps.
To integrate the features of different down-sampling
layers, we perform iterative deep feature aggregation on
the feature maps at different stages, and finally obtain
the output that is 4 times the input image, which is used
to detect the coordinates of the center point, width and
height of the object. As shown in Fig.4 (b) , each round
of deep feature aggregation calculates the lower right
triangle from small to large, and respectively fuses to
obtain 16 times, 8 times, and 4 times down-sampling
feature maps, of which 4 times down-sampling feature
maps are used as output. Inspired by CenterNet

[19]

algorithm™”, MSA uses iterative deep aggregation to

increase resolution.

[20]

symmetrically feature  map

Deformable convolution™ can be closer to the shape and
size of the object when sampling, therefore, we use
deformable  convolutions instead of traditional
convolutions in MSA for up-sampling to increase the
perception of small objects during sampling from lower

layers to the output layer.
2.2 Initial contour method

The initial contour method based on network learning
changes the decoding method for object detection.
Complex deformation calculation on the bounding box is
not necessary and the initial contour can be directly
obtained from the center point of the network learning
instance and the offsets of the contour vertex relative to
the center point. The features of the initial contour are
fused to obtain the coarse contour closer to ground truth
for the snake deformation.

2.2.1 Initial contour regression

Most of the existing contour initialization methods are
manually designed initialization, and the initial contour
method based on network learning does not need to
specify the specific shape of the initial contour. In Fig.6,
Deep Snake adopts a method of manually designing the
initial octagonal contour. It first calculates four poles on
the four sides of the object detection frame, and then
calculates four poles along these two sides of the line on
these four poles. Each direction is extended by 1/8 of the
length of the line, so that 8 contour vertices are
connected to obtain the initial octagonal contour. It is
believed that the octagonal shape can better represent the
contour characteristics of the instance. In fact, this
contour initialization method is very dependent on the
accuracy of the object detection frame, and the length of
the line has been determined as a hyperparameter. Since
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the length of the border applicable to different instances
is different, it may affect the accuracy of the initial
contour. Additionally, this initial contour method has
complex calculations, which may affect the speed of
model reasoning. CurveGCN uses a manually designed
ellipse as the initial contour, and then deforms it using
graph convolution to obtain the final contour.

Compared with the manual initial contour in Fig.6 (a)
and (b), the initial contour method of network learning
does not return the width and height of object detection.
Since it is based on the center point feature, the offset of
each initial contour vertex relative to the center point is
directly obtained for an ordered point set regression,
which is denoted as

{(Ath Ayl)l =12, N}, )
where N is the number of vertices of the initial contour,

N=128 here. The initial contour vertices are obtained by
adding the center point and the offset, and denoted as

{(1'fniuyiim)| i:1,2,"',N}. 3)

(a) DeepSnake

(b) CurveGCN (¢) Ours

Fig. 6 Comparison of different contour initial methods

In this way, the initial contour learned by the network
is closer to the real contour, and direct regression to the
initial contour vertices avoids complex deformation
calculation for the bounding box. Since the direction of
deformation path of the initial contour learned by the
network is from the center point to the initial contour
vertex, the vertex deformation path diverges from inside
to outside. Therefore, it is more conducive to the
convergence of the contour than the deformation path
from outside to inside
2.2.2 Global contour deformation

There is still a large gap between the initial contour
and the final contour obtained by only using the feature
regression of the center point of instance. It is impossible
to directly deform the initial contour to obtain the final
instance contour, and it is also difficult to obtain the
instance contour only based on a single contour vertex
feature or the local features of several adjacent vertices.
Deep Snake uses the snake deformation module to
aggregate local features, fuse the features of several
adjacent vertices, obtain relatively complete contour
features, and contour

complement the global

information to a certain extent. Although the use of the

snake deformation module can better aggregate contour
features, it increases the complexity of the model and
reduces the speed of model inference, but only improves
the accuracy to a limited extent.

Therefore, adopting a global contour feature
aggregation mechanism can simply and efficiently
improve the ability of the network to learn global contour
features and deform the initial contour based on all
contour vertex features. The specific implementation
process is shown in Fig. 4(c). The N initial contour
vertex features are first connected into a vector with a
length of N X C(where C is the number of channels of
the vertex features), which is the gray rectangle in
Fig.4 (c). Then, the vector is input to the global contour
deformation module to predict the contour vertex offset,
where the number of hidden and output layer channels of
the global contour deformation module is N X 2, as
shown in the black dot in Fig.4(c). The offsets of the
silhouette vertices are vectors with a length of N X 2 |

and expressed as
(A2l Ayl )| i=1.2,0+ N |, @)

where N is the number of contour vertices. Finally, the
offsets are added to the initial contour coordinates to
obtain the adjusted coarse instance contour, which is

expressed as
[ Yo )| i=1.2, 4, N). )

3 Experiment

3.1 Datasets and evaluation metrics

The PASCAL SBD", Cityscapes™ and Kins™
datasets were used in the experiments. PASCAL SBD
contains 20 instance classes that consist of 11, 355 re-
annotated images from the PASCAL VOC dataset with
instance-level boundaries and being divided into 5 623
training images and 5 732 testing images. The
Cityscapes dataset has eight instance classes and
contains a diverse set of stereo video sequences recorded
from street scenes in 50 different cities, with high quality
pixel-level annotations of 5 000 frames: 2 975 training
images, 500 validation images, and 1 525 testing
images.

In this study, average precision (indicated by AP) is
used as a measure of the instance segmentation accuracy
of the proposed algorithm, and it calculates the
intersection over union between the calculation result
and the ground-truth result of image segmentation,
which ranges from 0.5 to 0.95. Taking 0.05 as a step,
the average value of IoU under these 10 different loU
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thresholds (0.5, 0.55, --+, 0.95) can be got, i.e., APs,
refers to the calculation result when IoU threshold is 0.5.
The lightness of the model is measured by the amount of

calculation amount, and

The

model  parameters,

segmentation speed. segmentation speed s

measured by frames-s™".

3.2 Experimental environment

In this study, hardware experimental environment is
Intel 19-9900X processor model, 128 G memory, and
RTX 2080Ti GPU; and
environment is Ubuntu 18.04, Python 3.7, torch 1.1.0,
cudal0.0, and cudnn?.5.

software environmental

3.3 Loss function

In this study, loss function mainly includes two parts
that are responsible for the prediction of initial object
center point and the deformation of instance contour,
respectively. Among them, confidence loss function for
the prediction of object center point refers to
CenterNet'"”', which uses Focall.oss as loss function,
denoted as L.; smooth/l is used to supervise the
deformation of instance contour, including initial contour
and iterative deformation

loss, coarse contour loss,

contour loss, which are defined as

1 & .
Jo— N Z smoothl1( ™ — xf'), (6)
1 &  conns
Lepe = N ; smoothl1( 20 — z%), (7)
1 N N
Lim,ZN;smooz‘hll(Vr}‘” — ), (8)

where N is the number of contour vertices, xf is the

-, init

ground truth of label contour, z" is the predicted initial

z.coarse

contour vertices, I is the predicted coarse contour

S iter

vertices, and x; is the predicted iterative deformation
contour vertices, including two iterative optimizations.

Therefore, the overall loss function is
Lot = Lo + al iy + IBLcoarsc + Lien + L. (9)
In Deep Snake, a and g are set to be 0.1. In this study,
a and 8 were set to be 0.05, 0.1 and 0.2 respectively when
the model was trained on SBD, and the results are shown
in Fig. 7. It can be seen that the average precision on
condition that a and # are 0.1 is higher than that under the
other two settings in the second half of training. At the end
of training, the highest average precision is achieved when
a and g are 0.1. As aresult, in the following experiments in

this study, a and 2 were all set to be 0.1.

— a,p=0.05 I
a,p=0.1 et
50 F— a,p=02

40 +

AP

30

20

0 20 40 60 80 100 120 140
Epochs

Fig.7 Average precision under different « and 8

3.4 Ablation experiment

The ablation experiment was conducted on the SBD.
The model was trained for a total of 150 epochs, and the
learning rate was reduced by half in the 80th and 120th
cycles. The results of ablation experiment are shown in
Table 1.

Table 1 Results of ablation experiment on SBD

Method Backbone AP, FLOPs Params Segmentation speed/(framess™ ')
Deep Snake DLA-34 54.4 4.98 10" 2.31x10" 32.3
+Initial contour DLA-34 56.2 5.23X10" 2.49 10" 31.2
+ ShuffleNet V2 ShuffleNet V2 52.3 1.02x 10" 2.65x 10° 36.3
+ ShuffleNetV2-k5 ShuffleNetV2-k5 55.8 1.0810% 2.95%10° 39.8

The baseline is Deep Snake and the second model
replaces manually designed initial contour with initial
contour regression which is introduced in Section 2.2.
The average precision of the second model is improved
by 1.8 while the calculation amount and parameters of
the second model also increase. The third model replaces
the backbone DLLA-34 with original ShuffleNet V2 on
the basis of the second model, and the average precision

of instance segmentation drops a lot while the calculation

amount and parameters significantly decrease. The
fourth model matches the proposed method, whose
convolution kernel in ShuffleNet V2 is replaced with 5X
5 convolution kernel. Compared with Deep Snake, the
average precision of instance segmentation is improved
by 1.4,

~87.2%,
~78.3%, and the segmentation speed is improved by

the number of parameters is reduced by
the calculation amount is reduced by

7.5 frame-s™', achieving a good balance between
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accuracy and speed.
3.5 Comparison experiments

3.5.1 SBD

On the PASCAL SBD, we performed instance
segmentation task on an image of 512X 512 pixels using
fully convolutional instance-aware semantic segmentation
(FCIS) ™, explicit shape encoding for real-time instance
segmentation (ESE-20) *’, Deep Snake, and the proposed
algorithm, respectively, and the results are shown in Table
2. Compared with Deep Snake, the proposed algorithm
largely improves the segmentation speed of instance by
7.5 frame- s~ ' while improving the segmentation accuracy.
Therefore, compared with other algorithms, the proposed
algorithm has high competitiveness in terms of the accuracy
and the speed of instance segmentation.

Table 2 Performance comparison on SBD

Segmentation speed/

Method (framess ") AP, APy, APy
FCIS?Y 6.3 — 63.7  52.1
ESE-20% 38.5 35.3  38.2 12.1
Deep Snake 32.3 544 621  48.3
Proposed algorithm 39.8 55.8 62.8 52.9

It can be seen from Fig.8 that FCIS can roughly give
the contour of instance while has some false detection
such as the fourth image in the first row. ESE-20 can
identify different instances and their categories while the
contour of instance segmentation is not close enough to
the real contour, especially in the fifth image, ESE-20 is

not able to give the instance contour probably because
the train occupies most of the area of the image. Deep
Snake has false detection, but the proposed algorithm
can greatly reduce false detection and missed detection,
for example, it accurately identify the three girls in the
third column and clearly segments the contour.

Fig. 8 Visualization results on SBD (from top to bottom are
FCIS, ESE-20, Deep Snake and Ours)
3.5.2 Cityscapes dataset

The test set contains 1 525 images provided by the
dataset. We
segmentation based on the proposed algorithm on an image

Cityscapes performed the instance

of 1 024X 2 048 pixels, and obtained a segmentation speed

of 6.5 frame-s '

, as shown in Table 3. Compared with
Deep Snake, the average precision of the proposed
algorithm increases by 0.4, and the accuracy is significantly
improved when segmenting three types of instances:

person, truck, and bus.

Table 3 Performance comparison on Cityscapes test dataset

Segmentation

Method 4 AP APs, Person Rider Car Truck Bus Train Mcycle Bicycle
speed/(frame=s )
Mask R-CNNH! 2.2 26.2 49.9 30.5 23.7 46.9 22.8 32.2 18.6 19.1 16.0
PANet'® <1 31.8 57.1 36.8 30.4 54.8 27.0 36.3 25.5 22.6 20.8
Deep Snake 4.6 31.7 58.4 37.2 27.0 56.0 29.5 40.5 28.2 19.0 16.4
Proposed algorithm 6.5 32.1 58.9 38.7 27.8 54.1 32.1 45.0 17.2 18.9 16.9

As shown in Fig.9, on the Cityscapes test dataset, the
proposed algorithm achieves good effect of segmentation.
In complex street scenes, such as in the first four images,
the algorithm can accurately identify whether cars are near
or far away and segment them. For the dense crowd in the
fifth image, the segmentation of the instance contour can

be also achieved with almost no error.

Fig. 9 Visualization results on Cityscapes test dataset

3.5.3 Kins dataset

The proposed method was trained on Kins dataset. In
the experiment, the batchsize was set to be 8. The
experimental results are shown in Table 4.

Table 4 Performance comparison on Kins dataset

Method Amodal segmentation
Mask R-CNN 29.2
FCIs®! 23.5
ESE-207% 35.3
Deep Snake 31.3
Proposed algorithm 31.6

Compared with Deep Snake, the average precision of
instance segmentation using the proposed method is

improved by 0.3. In Fig.10 (a) , it can identify and clearly
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segment people and bicycles in the image even if objects
are overlapped. In Fig. 10 (b) , for vehicles on the street
from near to far, it can segment the contour of the

instance more accurately.

—

(a) Person and bicycl

(b) Vehicle

Fig. 10 Visualization results on Kins dataset

4 Conclusions

In this study, contrary to Deep Snake, the lightweight
backbone network ShuffleNet V2 was used to replace
DILA-34, and methods such as enlarged convolution
kernel, depth-separable convolution to replace ordinary
convolution. Lightweight up-sampling modules were
used to compress the model and increase segmentation
speed while maintaining accuracy. In addition, the global
contour feature fusion method was used to make full use
of the overall information of the contour to obtain an
initial deformed contour that is closer to the real value
and finally improve the accuracy of contour deformation.
The proposed method was tested on the datasets of
PASCAL SBD, Cityscapes, and Kins datasets. The
results show that the lightweight contour learning
instance segmentation algorithm proposed in this paper
has an average precision of 55.8 on SBD, which is
improved by 1.4 compared with Deep Snake. The model
parameters are reduced by 87.2% compared with Deep
Snake, and the calculation amount is reduced by
78.3% , while the segmentation speed is increased by
about 23%.

The lightweight and fast segmentation algorithm
proposed makes it possible to deploy instance
segmentation methods on embedded platforms with
limited resources. In the next step, the study will focus
on how to deploy this algorithm on edge platforms such
as Nvidia Xavier and achieve fast segmentation in

practical application scenarios.
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