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Abstract: Segmentation of street scenes is a key technology in the field of autonomous vehicles.
However, conventional segmentation methods achieve low accuracy because of the complexity
of street landscapes. Therefore, we propose an efficient atrous residual network (EAR-Net) to
improve accuracy while maintaining computation costs. First, we performed feature extraction
and restoration, utilizing depthwise separable convolution (DSConv) and interpolation. Compared
with conventional methods, DSConv and interpolation significantly reduce computation costs while
minimizing performance degradation. Second, we utilized residual learning and atrous spatial
pyramid pooling (ASPP) to achieve high accuracy. Residual learning increases the ability to extract
context information by preventing the problem of feature and gradient losses. In addition, ASPP
extracts additional context information while maintaining the resolution of the feature map. Finally,
to alleviate the class imbalance between the image background and objects and to improve learning
efficiency, we utilized focal loss. We evaluated EAR-Net on the Cityscapes dataset, which is commonly
used for street scene segmentation studies. Experimental results showed that the EAR-Net had better
segmentation results and similar computation costs as the conventional methods. We also conducted
an ablation study to analyze the contributions of the ASPP and DSConv in the EAR-Net.

Keywords: atrous spatial pyramid pooling; deep learning; encoder–decoder; residual learning;
semantic segmentation

1. Introduction

Nowadays, segmentation and object detection are primarily used in such fields as
machine vision, remote sensing images, and medical image analysis, and play an important
role in many applications [1–3]. The segmentation of street scenes is a key technology
in the field of autonomous vehicles, especially in advanced driver assistance systems [4].
There are various types of segmentation, such as semantic segmentation and instance
segmentation [5]. In this study, we focus on semantic segmentation, which is a technique
for classifying categories of objects and pixels constituting the objects in an image. However,
semantic segmentation does not distinguish objects of the same category from each other,
and a technique to further classify them is called panoptic segmentation [6].

The complex landscape, different textures, and ambient light in the images pose a chal-
lenge to these segmentation techniques. Since the introduction of deep learning algorithms,
semantic segmentation has developed rapidly [7]. Deep learning-based semantic segmenta-
tion methods using convolutional neural networks (CNNs) have been extensively studied.
Representative methods include fully convolutional networks (FCNs) [8], U-Net [9–12],
and DeepLab [13–16]; these are designed with an encoder–decoder [17,18] structure. The
encoder extracts features from the input image and compresses them to generate context
information, and the decoder expands the feature map, including context information, and
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outputs a segmentation map. The context information is essential for classifying object
categories, and the segmentation map indicates the category to which each pixel in the
image corresponds.

FCN was first proposed as a deep learning-based semantic segmentation method and
presented a strategy for using a network for classification in segmentation. However, in
FCN, the outline or detailed information is lost in the process of generating the segmen-
tation map; thus, the objects in the image are inaccurately divided. Therefore, various
methods, such as U-Net, SegNet, and DeepLab, were proposed to solve this problem. The
U-Net is a concatenation operation [19], which minimizes information loss by utilizing the
intermediate feature information of the encoder in the decoder. As a result, segmentation
accuracy is improved, compared to the FCN. However, U-Net has a problem in that object
segmentation is incorrect or fails due to a lack of context information extracted from the
encoder. This problem hinders the recognition of the position and motion of the objects in
the application field of autonomous vehicles and increases the error of the position and size
of lesions when applied to medical image analysis. To improve the segmentation accuracy,
four versions (V1, V2, V3, V3+) of DeepLab were developed, and DeepLab continues to
be studied: DeepLabv1 proposed an atrous convolution that can increase the kernel size
while maintaining the computation costs and applied it to a CNN; DeepLabv2 proposed
atrous spatial pyramid pooling (ASPP) to utilize multi-scale features by applying atrous
convolution; DeepLabv3 improved the segmentation accuracy by analyzing and improving
the previously proposed methods; and DeepLabv3+ improved the decoder and used a
modified Xception [20] network as its backbone network.

However, the above methods focus on accuracy and are difficult to use in mobile
or embedded devices because of their high computation costs. To solve this problem,
ENet [21], ICNet [22], and others are used to minimize the computation costs. In the ENet,
a tiny encoder–decoder was designed to achieve very small computation costs. However, as
there is a trade-off between accuracy and computation costs, the accuracy was significantly
reduced. The accuracy reduction due to the trade-off was minimized in the ICNet by using
a multi-scale input strategy and cascaded network. A method proposed by Han et al. [4]
achieved a good balance between accuracy and computational complexity by proposing an
attention mechanism and class-aware edge information utilization.

In this study, we propose an efficient atrous residual network (EAR-Net) to im-
prove the segmentation accuracy while maintaining the computation costs of previous
studies [8,9,22,23]. Our model consists of three modules (residual learning, lightweight
ASPP and decoder). First, we achieved high accuracy by utilizing residual learning that en-
hances the context information extraction ability. The implementation of residual learning
is ResNet [24], and we prevented feature map resolution reduction by removing a pooling
layer from a stem block pre-processing the input image of the ResNet. This method im-
proves the accuracy with a simple operation, and maintains the residual learning structure,
allowing reuse of pre-trained weights on ImageNet. In addition, there is an advantage
that this method can be simply applied to other segmentation models. Second, we utilized
lightweight ASPP to minimize computation costs. The conventional ASPP greatly con-
tributes to the improvement of segmentation accuracy, but has a disadvantage in that the
computation costs are large. Therefore, we minimized the computation costs by replacing
traditional convolution with depthwise separable convolution (DSConv) [25] in ASPP.
ASPP using DSConv has the advantage that there is almost no decrease in accuracy, which
is a trade-off for reducing the computation costs. Third, we proposed a new decoder
combining DSConv and interpolation to minimize the computation costs. The decoder
performs feature restoration to generate a segmentation map, and a good balance between
accuracy and computation costs is important. DSConv and interpolation significantly re-
duce computation costs while minimizing performance degradation. The decoder consists
of three decoding blocks, and aims to further improve accuracy by gradually performing
feature map expansion and restoration. Finally, we adopted focal loss [26] to alleviate the
class imbalance between the background and the objects. The focal loss increased learning
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efficiency. The experimental results showed high accuracy with computation costs similar
to those in the conventional segmentation methods. In an ablation study, we analyzed the
contributions of the ASPP and DSConv in the EAR-Net. The main contributions of this
paper are as follows.

• We propose an encoder, utilizing residual learning with improved stem block. This
method improves accuracy with a simple operation, can reuse pre-trained weights,
and is applicable to other segmentation models;

• We propose a lightweight ASPP utilizing DSConv to minimize the computation costs
without degrading accuracy;

• We propose a new efficient decoder combining DSConv and interpolation to achieve
a good balance between accuracy and computation costs.

2. Related Work
2.1. U-Net

U-Net is a U-shaped network designed for segmentation, which has an encoder–
decoder structure. To solve the problem of the FCN, U-Net utilizes the feature information
of each step with the concatenation operation and refines the feature information with the
subsequent convolution operation. Figure 1 shows the structure of a U-Net. In Figure 1,
the left part is the encoder, and the right part is the decoder. The encoder consists of two
convolutions and one pooling for each step, and the decoder consists of one transposed
convolution and two convolutions. In the concatenation operation, the feature map of each
step is connected with the feature map of the corresponding step in the decoder that has
undergone transposed convolution to form one feature map. U-Net has significantly fewer
convolutions compared to other networks (e.g., ResNet [24] and Xception); there are only
10 convolutions in the encoder, 2 for each step. This causes segmentation inaccuracy
because the encoder’s ability to extract context information is low.

Figure 1. U-Net architecture.

2.2. Atrous Convolution

Atrous convolution is a method to expand the receptive field and was proposed in
the DeepLab [14]. The receptive field is an area that a convolution kernel can process
in a single operation. When the receptive field is expanded, the area processed by the
kernel, that is, the field-of-view, is expanded, which is advantageous for extracting context
information. However, for this, the kernel size must be expanded, so the number of
parameters and the amount of computation increase. Therefore, atrous convolution, which
can expand the receptive field while maintaining the number of parameters and the amount
of computation, was studied. Atrous convolution can effectively have a wide receptive
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field by treating the space between the kernel that is extended (e.g., the light green area in
Figure 2b), according to the rate being 0. Figure 2 shows a diagram of atrous convolution.
In Figure 2b, only blue and orange pixels are used for the actual convolution operation,
and the remaining pixels are treated as 0. Therefore, the computation costs are equal
to Figure 2a, but the receptive field is expanded to 5 × 5. Equation (1) represents atrous
convolution. In Equation (1), x, y, w, i, r are the input, output, kernel, kernel position, and
rate, respectively.

y[i] = ∑
k

x[i + r · k]w[k] (1)

Figure 2. Atrous convolution diagram. (a) Traditional convolution with a rate of 1 and (b) atrous
convolution with a rate of 2.

2.3. Depthwise Separable Convolution

Depthwise separable convolution (DSConv) is an operation that significantly reduces
the computation costs and parameters while minimizing performance degradation, com-
pared to traditional convolution. This computation was adopted in many recent deep
learning models and contributes to the intelligence of mobile devices [23,27–29]. In tradi-
tional convolution, the kernel handles the channel and spatial dimensions simultaneously.
However, the DSConv processes the two dimensions separately, and multiple kernels share
the parameters required for spatial dimension processing. The DSConv consists of depth-
wise and pointwise convolution. Depthwise convolution processes spatial dimensions
by performing convolution for each channel independently. In contrast, the pointwise
convolution processes the channel dimension by combining the outputs of the depthwise
convolution into a 1 × 1 kernel. Figure 3 shows a diagram of DSConv.

Figure 3. Depthwise separable convolution diagram.

3. Proposed Method

The EAR-Net is composed of an encoder to extract context information and a decoder
to generate a precise segmentation map. Figure 4 shows the structure of the EAR-Net.

The encoder consists of 16 encoding blocks with residual learning and 1 ASPP, and the
decoder consists of 3 decoding blocks with 1 concatenation operation and 2 consecutive
convolutions. The resolution of the feature map output from the decoder is 1

2 smaller than
that of an input image. Moreover, the number of channels in the corresponding feature
map exceeds the number of categories in the dataset. Therefore, after matching the number
of channels in the feature map using a 1 × 1 convolution, the final segmentation map was
generated by upsampling twice. The details of each layer in EAR-Net are introduced in
Sections 3.1–3.3.
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Figure 4. Efficient atrous residual network (EAR-Net) architecture. DSConv and ASPP denote depthwise separable
convolution and atrous spatial pyramid pooling.

3.1. Encoder for Extracting Features
3.1.1. Residual Learning

As shown in Figure 4, the EAR-Net is an encoder–decoder structure. The EAR-Net
adopts ResNet with residual learning applied from the encoder to the backbone network.
Residual learning prevents the feature loss that occurs during feature extraction and
compression of continuous convolutions. Further, it prevents the vanishing gradient
problem, which tends to occur as the network becomes deeper. There are several types
of ResNets, such as ResNet-18, ResNet-50, and ResNet-101. In ResNet-n, n is the number
of layers in the network, and as n increases, the computation cost increases and the
performance improves. In this study, we adopted ResNet-50, considering the trade-off
between the segmentation performance and speed.

In Figure 4, the backbone network was divided into four blocks (encoding block1,
encoding block2, encoding block3, and encoding block4), according to the resolution of
the feature map. The blocks have 1

2 , 1
4 , 1

8 , 1
16 resolution of the input image, respectively.

The structure of each encoding block is the same, and Equation (2) and Figure 5 show the
encoding block.

H(x) = F(x) + x (2)

Figure 5. Encoding block architecture. Conv, BN and ReLU denote traditional convolution, batch
normalization and rectified linear unit.

A typical CNN proceeds with stem blocks before proceeding with encoding blocks. A
stem block reduces the resolution of the input image and extracts features, such as contours,
to reduce the amount of computation of the subsequent convolution. A conventional
ResNet reduces the resolution of the feature map to 1

4 by performing a 7 × 7 traditional
convolution with stride 2 and max-pooling. In addition, several semantic segmentation
methods perform this down-sampling process while using the ResNet as a backbone.
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However, this process causes loss of the spatial information included in the feature map.
Therefore, the EAR-Net reduces the resolution of the feature map by half by removing
max-pooling. Moreover, a 7 × 7 traditional convolution requires much computation due to
the large kernel. Therefore, the proposed method replaces the 7 × 7 traditional convolution
with two 3 × 3 traditional convolutions. Unless noted otherwise, batch normalization and
rectified linear unit (ReLU) layers are included after the convolution layer.

3.1.2. Atrous Spatial Pyramid Pooling

A general CNN reduces the spatial resolution of the feature map by using max-
pooling or stride in the continuous convolution process to extend the receptive field and
reduce the computation costs. However, this process causes loss of spatial information
in the deep layer, thereby reducing the accuracy in pixel unit prediction (e.g., semantic
segmentation). Therefore, the EAR-Net utilizes ASPP at the end of the encoder to extend
the receptive field without reducing the resolution of the feature map. The ASPP was
first presented in DeepLab, and it used several atrous convolutions with different rates in
parallel. This allowed the CNN to have a receptive field of various sizes while expanding
the receptive field.

In addition, the EAR-Net combines depthwise separable convolution with atrous
convolution (named ADSC) to minimize the amount of computation and parameters of
newly added ASPP and replaced the 1 × 1 convolution with 1 × 1 DSConv. ADSC is an
operation that applies the atrous rate to depthwise convolution and significantly reduces
the computation costs and parameters while maintaining performance. Figure 6 shows the
structure of the ASPP.

Figure 6. Atrous spatial pyramid pooling diagram. Symbols C, H, W, r indicate the number of channels, height, width, and
rate, respectively. ADSC, GAP, and Concat denote depthwise separable convolution with atrous convolution, global average
pooling, and concatenation, respectively.

The ASPP is processed in parallel with a total of 5 branches: 1 × 1 DSConv; 3 × 3 ADSC
with rates of 6, 12, and 18; and global average pooling with 1 × 1 DSConv and upsampling.
Then, the feature map of each branch is concatenated, and the combined feature map is
reconstructed by 1 × 1 convolution. Equation (3) represents the ASPP.

ASPP = W1
1 (W

1
1 (x) · W6

3 (x) · W12
3 (x) · W18

3 (x) · θW1
1 σ(x)) (3)

Here, x, Wrate
kernel , θ, σ represent input, DSConv (ADSC if rate is greater than 1), global

average pooling, and upsampling, respectively.

3.2. Decoder for Precise Segmentation

Decoding is a process of expanding and restoring the feature map output from the
encoder to the size of the input image. In EAR-Net, the basic decoder structure consists of a
transposed convolution, 3 × 3 convolution, and a concatenation (Figure 1). The transposed
convolution upsamples the size of the feature map, and the 3 × 3 convolution reconstructs
the feature map. The concatenation uses the intermediate feature maps extracted from the
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encoder to reconstruct detailed parts, such as contour lines. This decoder operation process
significantly improves the segmentation accuracy. In this case, the transposed convolution
and 3 × 3 convolution involve a large amount of computation. Therefore, the EAR-Net
replaces the transposed convolution with a bilinear interpolation and the 3 × 3 convolution
with a 3 × 3 DSConv.

First, the transposed convolution achieves excellent performance because the model
can learn the upsampling process. However, the number of parameters and the computa-
tion costs are significantly increased. Bilinear interpolation is a method of filling values
between adjacent pixels by interpolation and achieves slightly lower performance than
transposed convolution. However, it does not use parameters and requires less computa-
tion. After considering the trade-off between the performance and computation costs, we
adopt interpolation in our model. Second, we replace the 3 × 3 convolution with a 3 × 3
depthwise separable convolution to minimize the computation costs and parameters.

The decoder of EAR-Net consists of three decoding blocks. Each decoding block
doubles the input feature map by bilinear interpolation and reduces the number of channels
by 1 × 1 convolution of the intermediate feature map of the encoder with the same resolution
as the extended feature map. Then, the two feature maps are concatenated. Figure 7a
shows a diagram of concatenation, and Equation (4) represents concatenation.

Concat(2c, h, w) = [T(x)c,h,w; E(y)c,h,w] (4)

DecodingBlock = f 3×3
dsconv( f 3×3

dsconv([T(x)c,h,w; E(x)c,h,w])) (5)

Figure 7. Decoder architecture.

In Equations (4) and (5), T(x) is a feature map extended by transposed convolution,
and E(y) is an intermediate feature map taken from the encoding block; c, h, w represent
the number of channels, height, and width, respectively.

Finally, 3 × 3 depthwise separable convolution, batch normalization, and ReLU are
repeated twice on the combined feature map to reconstruct the feature map. Figure 7b
shows the structure of the decoding block, and Equation (5) represents the decoding block.
The number of channels of the combined feature map is doubled, according to Equation (4),
and the number of channels of the reconstructed feature map is reduced two times again to
maintain the number of channels before combining (Figure 7b).

3.3. Loss Function

The loss function compares the segmentation map generated by the deep learning
model with the groundtruth and outputs the error. The EAR-Net uses focal loss as the
loss function. Small and thin objects in segmentation are difficult to learn because of the
small number of pixels. In particular, when a large object that is easy to learn in an image
occupies most of the area, the sample that is easy to segment dominates the learning.
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Therefore, we utilize focal loss with improved standard cross entropy to direct focus on the
difficult-to-learn samples. Equation (6) represents the cross-entropy loss function.

CE(p, y) =

{
− log(p) i f y = 1
− log(1 − p) otherwise.

(6)

Here, p, y are the groundtruth and output of the proposed method, respectively.
The cross-entropy loss function compares the segmentation map generated by the pro-
posed method with the groundtruth and outputs the error. In this case, if the standard
cross-entropy loss function is used, the easily divided samples dominate the overall loss.
Therefore, the loss function is improved to reduce the loss of well-segmented samples
and to relatively increase the loss of difficult-to-segment samples. Equations (7) and (8)
represent the focal loss.

pt =

{
p

1 − p
(7)

FL(pt) = −αt(1 − pt)
γ log(pt) (8)

As for the focal loss, when pt is correct or close to 1, it is significantly smaller than
the conventional cross-entropy loss function. Conversely, when pt is close to 0, the loss
increases again. α, γ are hyperparameters that control the contribution of the focal loss in
the loss function. If γ is 0, it is the same as the existing cross-entropy loss function. We set
the optimal value α = γ = 1.0 based on the data analyzed by Doi and Iwasaki [26] and our
experimental data.

4. Results and Discussion
4.1. Implementation Details

In all experiments, the following hyperparameters, hardware, and software are used.
For the EAR-Net, the batch size is set to 8, epoch to 120, and learning rate to 0.001, and
the AdamW optimizer [30] is used. In addition, a poly learning rate scheduler [14] is used
to approach the lowest point. The following data augmentation are applied: a random
crop that cuts out an area of 1024 × 512 resolution from an input image at a random
location, a random horizontal flip that flips the image horizontally with a probability of
1
2 , and a color jitter that randomly changes the brightness, contrast, and saturation of the
image. In addition, we use a model pre-trained with ImageNet in our experiments. The
hardware and software used in the experiment are shown in Table 1. Code is available at
https://github.com/synml/segmentation-pytorch (accessed on 30 September 2021).

Table 1. Hardware and software environment.

Items Descriptions

CPU AMD Ryzen 3700x
GPU NVIDIA RTX 3090 2×
RAM 64 GB

OS Ubuntu 21.04
Framework PyTorch 1.9

Experimental results are compared and analyzed, using mean intersection over union
(MIoU). MIoU is an evaluation metric for measuring accuracy in semantic segmentation
and is defined in Equation (9).

MIoU =
1
k

k

∑
i=0

TP
TP + FP + FN

(9)

https://github.com/synml/segmentation-pytorch
https://github.com/synml/segmentation-pytorch
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Here, TP, FP, FN, k represent true positive, false positive, false negative, and class
number, respectively.

4.2. Dataset and Experiment Results

The Cityscapes dataset [31] is widely used for semantic segmentation studies. This
dataset contains 5000 street scenes images collected from 50 different cities. These are
divided into 2975 images for training, 500 images for verification, and 1525 images for
testing. The Cityscapes dataset contains 19 categories, and all images have a resolution
of 2048 × 1024 pixels. We use images with reduced resolution for training to reduce the
training time, but we use images with the original resolution for evaluation.

We compare several conventional methods and the EAR-Net in terms of accuracy
(MIoU) and number of parameters. Table 2 shows the accuracy and number of parameters
of the EAR-Net and the other methods used with the Cityscapes dataset. The EAR-Net
achieves an MIoU of approximately 72.3%, which is higher than that of the other methods.
EAR-Net improves MIoU by approximately 16.5%, compared with U-Net, and shows the
same value as DeepLabv3+. This proves that residual learning and ASPP used in EAR-Net
contribute to the improvement in accuracy.

Table 2. The results on Cityscapes dataset. “-” means the result is unavailable.

Method Params (M) MIoU (%)

FCN [8] 35.3 65.3
U-Net [9] 31.0 55.8

SegNet [32] 29.5 57.0
ENet [21] 0.4 57.0

ESNet [33] 1.7 69.1
LEDNet [34] 0.9 69.2

DeepLabv2 [14] 262.1 70.4
ICNet [22] 26.5 70.6

FasterSeg [35] 4.4 71.5
FRRN [36] - 71.8

DeepLabv3 [15] 58.0 72.0
STDC1 [37] 8.4 72.2

DeepLabv3+ [16] 54.7 72.3

EAR-Net 26.8 72.3
MIoU: mean intersection over union; Params: number of parameters.

Figure 8 shows the comparison of the segmentation results of the EAR-Net and the
U-Net in complex scenes using the Cityscapes dataset. The conventional U-Net lacks the
features necessary to classify object categories, resulting in low segmentation accuracy in
various objects such as people and traffic structures. In particular, a part of the object is not
divided. However, the EAR-Net shows more precise segmentation results, compared to
the U-Net because additional features are extracted, using residual learning and the ASPP.
Furthermore, in the orange box area in Figure 8, the missing pixels of various objects are
minimized and divided.

Figure 9 shows the comparison of the segmentation results of EAR-Net and U-Net
in multiple objects. The U-Net shows low segmentation accuracy in various objects, such
as buses, people, and trucks. In particular, some of the objects are classified into different
classes. However, EAR-Net shows high accuracy by completely dividing various objects.
In Figure 9, buses, people, and trucks are partitioned with few missing pixels.
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Figure 8. Visual comparisons of complex scenes on the Cityscapes validation set. The orange box shows the section where
the EAR-Net achieves a more accurate segmentation result than the U-Net.

Figure 9. Visual comparisons of multiple objects on the Cityscapes validation set. The orange box shows the section where
the EAR-Net achieves a more accurate segmentation result than the U-Net.

4.3. Ablation Study
4.3.1. ASPP Analysis

Table 3 shows the analysis of the accuracy contribution of ASPP used in the EAR-
Net and the change in accuracy, according to the rate. From the table results, it can be
seen that ASPP contributes greatly to improving segmentation accuracy. Moreover, the
highest accuracy is shown when the rate is set to (6, 12, 18). The lower the rate, the
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narrower the reception area, but there are few checkerboard artifacts because the number
of pixels that perform the operation is large. The checkerboard artifact is a phenomenon in
which a grid pattern appears on the feature map because adjacent pixels are not processed.
Conversely, the higher the rate, the larger the receptive area, but the higher the tendency
for checkerboard artifacts. Therefore, it is important to find the optimal rate value, which
is achieved in this ablation study.

Table 3. The ablation study for the ASPP analysis on the Cityscapes validation set.

Method Params (M) MIoU (%)

BS 24.3 67.0
BS + ASPP (rate = 4, 8, 12) 26.8 71.0

BS + ASPP (rate = 6, 12, 18) 26.8 72.3
BS + ASPP (rate = 8, 16, 24) 26.8 71.0

MIoU: mean intersection over union; Params: number of parameters; BS: baseline model without atrous spatial
pyramid pooling (ASPP); BS + ASPP: baseline model with ASPP; rates set in atrous convolution are sequen-
tially indicated.

Moreover, the number of parameters is shown in Table 3. The difference between the
number of parameters of the model with and without the ASPP is approximately 2.5 M.
For models with different rates, the number of parameters does not change. This proves
that the number of parameters of ASPP is about 2.5 M and that atrous convolution only
increases the empty space of the kernel, even if the rates are different.

4.3.2. DSConv Analysis

Table 4 shows the results of the analysis of the DSConv used in the EAR-Net in terms
of the number of parameters and MIoU. It can be seen that DSConv makes a significant
contribution to reducing the number of parameters. We prove that DSConv can reduce
the number of parameters by about 2

3 . Furthermore, when the DSConv is used, MIoU is
improved by about 1.7%. In general, using DSConv results in the same or slightly lower
accuracy than when using traditional convolution. However, the EAR-Net shows higher
accuracy. It is assumed that the reason is that the hyperparameters that have a large
influence on the learning are not suitable for the model that uses traditional convolution,
so the learning is not performed smoothly.

Table 4. The ablation study for DSConv analysis on the Cityscapes validation set.

Method Params (M) MIoU (%)

EAR-Net w/ traditional conv 41.0 70.6
EAR-Net 26.8 72.3

MIoU: mean intersection over union; Params: number of parameters; EAR-Net: baseline model equal to proposed
method; EAR-Net w/ traditional conv: EAR-Net with traditional convolution in Figure 2a.

5. Conclusions

In this paper, we proposed an efficient atrous residual network, named EAR-Net,
that achieved high accuracy while maintaining the computation cost of previous models.
First, we aimed to minimize the amount of computation: DSConv was applied to all
traditional convolutions, except encoding blocks in the feature extraction process, and
interpolation was applied instead of transposed convolution in the feature restoration
process. Second, the proposed EAR-Net achieved high accuracy. It improved the context
information extraction ability by using residual learning and ASPP in the encoder. Finally,
to alleviate the class imbalance between the background and the object, the learning
efficiency was improved by utilizing focal loss. The experimental results on the Cityscapes
dataset showed high accuracy with a similar amount of computation when compared
with the conventional segmentation methods. Through this, EAR-Net can be used in
applications, such as autonomous vehicles and machine vision, where both processing
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speed and accuracy are important. Future research is necessary to apply EAR-Net in
various fields.
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