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Abstract

One way to improve current image segmentation meth-
ods is to encode information about shape of segmentation
in a separate CNN since shape information could be signif-
icantly different from color and texture information. It may
be difficult to store color, shape and texture information in
a single network. The network encoding color and texture
information feeds its information into the network encoding
shape information in past works. Here, I propose an im-
provement on the current state-of-the-art two-stream CNN
by also feeding the network encoding color and texture in-
formation data from the network encoding shape informa-
tion. In this paper, I compare the results from adding this
connection and omitting this connection. I also compare the
performance of my network compared to the current state-
of-the-art two-stream CNN (called GSCNN). I had two find-
ings. The first is that the state of the art GSCNN was trained
on 8 GPUs and the code for this does not run on a single
GPU machine. So I modified their net to use a lighter net
(Resnet 18). Secondly, I found that adding the extra con-
nection did not improve accuracy in terms of mask (mloU)
or boundary (F-Score) quality.

1. Introduction

Much research is being done to solve the problem of se-
mantic segmentation. It is an important field with many
applications such as self driving vehicles and image gen-
eration. Recently it has become standard to use a fully
convolutional network (FCNN) to encode semantic infor-
mation about an image and then decode this information to
get pixel-wise predictions as required by the segmentation
problem.

One way to improve this method is to actually encode
this information into two FCNNs using gates. One will
encode information about the shape and edges of the seg-
mented image and the other can focus on other semantics
such as color and texture. I propose a network that allows
each of these networks to take outputs from certain layers
of the other as inputs to some of its own layers. This is so

that the networks can help each other out with their encoded
semantic information.

2. Related works

There has been recent success using fully convolutional
networks for segmentation by Long et al. [5]. These net-
works take pretrained classification nets like AlexNet [4]
and VGGnet [1] and converts the final few fully connected
layers to convolutional layers so that the output are down-
sampled images which encode semantic information about
the input image. They are “heat maps” that give a low qual-
ity representation of where objects are in the image. They
then upsample to obtain the same level of detail as the input
image. To help the network learn how to upsample, skips
are introduced so that in addition to the regular inputs to the
network, earlier layers are also taken as inputs.

Huikai Wu et al. [7] improved on this by compressing
the last half of this FCNN which decodes and upscales the
segmentation image into a single Joint Pyramid Upsampling
(JPU) module which also takes in the skip connections.

In this paper we will be using Resnet by He et al. [3] as
our pretrained classification net.

Another more recent work by Takikawa et al. [6] intro-
duced a Gated Shape CNN (GSCNN) which uses two net-
works for the talk of segmentation. One of these is a “nor-
mal” fully connected CNN for encoding semantic informa-
tion about the image. The second is specifically meant to
encode information about the edges and shape of the im-
ages. The information encoded by these networks are com-
bined to create the final segmentation prediction. Upscaling
is done with a JPU module.

3. Data Set

I use the Cityscapes dataset [2] for training and evalu-
ation of the proposed network as done in the GSCNN pa-
per [6]. This dataset contains images taken on roadways
along with their segmentations. Segmentations distinguish
between 19 classes and give their category as a typical clas-
sification net would. The categories are listed in Table 1.

Specifically, I train, validate, and test my models using



Figure 1. Example segmentation from the Cityscapes dataset.

Name Category
Road Flat
Sidewalk Flat
Building Construction
Wall Construction
Fence Construction
Pole Object
Traffic Light Object
Traffic Sign Object
Vegetation Nature
Terrain Nature
Sky Sky
Person Human
Rider Human
Car Vehicle
Truck Vehicle
Bus Vehicle
Train Vehicle
Motorcycle Vehicle
Bicycle Vehicle

Table 1. Names are the segmentation classes in the Cityscapes
dataset along with their associated general categories.

the leftImg8bit dataset from Cityscapes.

The data goes through many transforms before ever en-
tering the network. These transformations are described in
the original GSCNN paper [60] and I have not altered these
in my own model.

4. Approach

4.1. Fusion Module

All of the nets proposed in this paper will use the same
fusion module from the GSCNN [6]. It is a way to com-
bine the results from the two streams as can be visualized in
figure 2.

4.2. Regular stream and CPUs

The GSCNN proposed by Takikawa er al. [6] uses a
WideResNet38 [&] and was trained on 8 NVIDIA GPUs,
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Figure 2. The fusion model, taken directly from the original
GSCNN model [6].

and as such, training is an issue with on a single GPU. As
far as I can tell, there does not exist a publicly accessible
implementation of this network that instead uses a lighter
net for the regular stream, such as ResNet-18 [3]. So the
first thing that I set out to do was to implement this and
make it publicly accessible. It might be that someone else
who also lacks 8 GPUs can modify my implementation of
the GSCNN to create a network with similar performance to
the original GSCNN, but one that bears less of a burden to
the machine and can train on a single GPU. Figure 2 shows
my proposed network.

The ResNet-18 architecture has a four residual blocks
and this will be the structure of our regular stream. The in-
put to the first residual block in the regular stream is used
as the input to the first residual layer of the shape stream af-
ter bringing it through a 1 x 1 convolution which will bring
the number of channels in its output to 1. The shape stream
will remain the same as the original structure’s, with three
residual blocks. In between the residual blocks in the shape
stream and after the final residual block are gates which
combine the output of the previous layer of the shape stream
with the output of one of the layers of regular stream. The
first gate takes in the output of the first residual block of
the shape stream and the second residual block of the reg-
ular stream (convolved 1 x 1 so that it only has a single
channel). the gate’s output is taken as input to the second
residual block of the shape stream. The second gate takes in
the output of the second residual block of the shape stream
and the third block of the regular stream (convolved as be-
fore). The third gate takes in the output of the third residual
block of the shape stream and the fourth block of the regular
stream. The input to the Fusion model will then be the out-
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Figure 3. Here is the structure of the regular and shape streams of my proposed ResNet-18 [3] version of the GSCNN [6]. Each box is a
convolutional layer with the specified kernel size and number of channels.

puts of the second and fourth residual blocks of the regular
stream and the output of the third gate of the shape stream
as described by the original GSCNN.

Resnet 18 GSCNN code: https://github.com/
tylerhiggs/Res18GSCNN

4.3. Two directions of connection

Layers of the shape stream of the GSCNN take as ad-
ditional input the layers from the regular stream. This is
because segmentation information is encoded in the layers
of the regular stream and that information is useful for de-
tecting the segmentation edges. It would make sense that
information about semantic edges should also be useful for
determining semantic information itself. So in addition to
the links from the regular stream to the shape stream as pro-
posed by Takikawa et al., I also introduce a link from the
shape stream to the regular stream in this proposed network.
Figure 4 shows my proposed network.

There are two streams and the first is the “regular”
stream. This will mimic the regular stream of the net pro-
posed in section 4.2. The only difference is that the fourth
residual block will have to take in the additional input from
the shape stream. To do this, I bring the output from the
third residual layer through a 1 x 1 convolutional layer that
outputs 128 channels (128 x h x w). We also expect an
input from the shape stream of dimensions 128 X h X w.

Then the layers are concatenated along the dimension that
represents the number of channels, resulting in a tensor of
size 256 x h x w which is the kind of input that the next
layer of the regular stream expects. This output is also what
the second gate in the shape stream expects so this is where
we make a connection to that gate.

The shape stream gains a duplicate second residual block
such that there are two identical residual blocks between the
first and second gate. The output of the first of these two
blocks is sent to the top layer to be concatenated as stated
in the previous paragraph. Before it can do this, that output
goes through a convolutional layer so that it has dimensions
128 x h x w and is compatible for concatenation.

Modified Resnet 18 GGSCNN code: https://github.
com/tylerhiggs/Resl8GSCNNmodified

5. Results

I trained each of the proposed networks (section 4.2 and
4.3) for 20 epochs and using the Cityscapes dataset. This
dataset was also used for testing and validation. All of the
hyperparameters were kept the same as the original GSCNN
[6]. Here I will share the outcomes of each of these.
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Figure 4. Here is my proposed regular and shape streams. They both individually follow the ResNet-18 [3] architecture. The overall
architecture resembles very nearly the GSCNN [6]. These networks will act as inputs to the Fusion Module which also comes from the
GSCNN. (A note to the grader of the progress report: feedback is greatly appreciated, I can easily edit this diagram and anticipate doing

so, this is just what I have so far)

5.1. ResNet-18 GSCNN

The first comment I would like to make is that there is
a warning on the original GSCNN code that says that their
code will probably not run on a single GPU. I did try to
run it on a single GPU and found that it did not run. I
looked in the “issues” section of the repository and saw that
some people had commented on this, looking for a version
of the GSCNN that would run on a single GPU. The issue
was clearly the WideResNet32 [8] in the regular stream.
A lighter net could solve the problem. So I implemented
the GSCNN using instead a ResNet-18 [3] for the regular
stream. The best accuracy was achieved in epoch 18 and
was 74.2 percent. The original GSCNN achieved 82.9 per-
cent accuracy using 175 epochs. While my network lags
behind in accuracy, more machines are capable of using it
to train. My hope is that having more people able to ac-
cess this version of GSCNN, more people will play around
with it, maybe even to the point of achieving a network with
greater accuracy than the original state of the art GSCNN.

5.2. Modified ResNet-18 GSCNN

There is not much to say here. This network achieved
an accuracy of 48.8 percent. It is clear that the original
structure of the GSCNN was well thought out and tested.
Altering this structure worsened accuracy significantly.

6. Conclusion

I have made publicly available a ResNet-18 version of
the GSCNN which was requested by people on the inter-
net so that they could run a GSCNN on a single GPU. I
hope that some of these people can use this to construct
a better network than I could. My experimental network
which linked the shape stream to the regular stream made
the net have significantly worse accuracy. My experiment
was small which means that there could be a way to incor-
porate this strategy and somehow improve performance of
the GSCNN, whether that be a different kind of connection,
different number of connections, or different locations of
connections. However, my experiments fail to show that



this is a meaningful path to go down.
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