
Applied Soft Computing Journal 96 (2020) 106682

w
s
s
i
e
e
m
i
s
t
a

h
1

Contents lists available at ScienceDirect

Applied Soft Computing Journal

journal homepage: www.elsevier.com/locate/asoc

AGLNet: Towards real-time semantic segmentation of self-driving
images via attention-guided lightweight network
Quan Zhou a,∗, Yu Wang a, Yawen Fan a, Xiaofu Wu a, Suofei Zhang b, Bin Kang b,
Longin Jan Latecki c
a National Engineering Research Center of Communications and Networking, Nanjing University of Posts and
Telecommunications, Nanjing, 21003, China
b Department of Internet of Things, Nanjing University of Posts and Telecommunications, Nanjing, 21003, China
c Department of Computer and Information Science, Temple University, Philadelphia, USA

a r t i c l e i n f o

Article history:
Received 9 January 2020
Received in revised form 17 July 2020
Accepted 22 August 2020
Available online 2 September 2020

Keywords:
Robot vision
Self-driving
Real-time semantic segmentation
Convolutional neural networks
Encoder–decoder networks

a b s t r a c t

The extensive computational burden limits the usage of convolutional neural networks (CNNs) in
edge devices for image semantic segmentation, which plays a significant role in many real-world
applications, such as augmented reality, robotics, and self-driving. To address this problem, this paper
presents an attention-guided lightweight network, namely AGLNet, which employs an encoder–decoder
architecture for real-time semantic segmentation. Specifically, the encoder adopts a novel residual
module to abstract feature representations, where two new operations, channel split and shuffle, are
utilized to greatly reduce computation cost while maintaining higher segmentation accuracy. On the
other hand, instead of using complicated dilated convolution and artificially designed architecture,
two types of attention mechanism are subsequently employed in the decoder to upsample features
to match input resolution. Specifically, a factorized attention pyramid module (FAPM) is used to
explore hierarchical spatial attention from high-level output, still remaining fewer model parameters.
To delineate object shapes and boundaries, a global attention upsample module (GAUM) is adopted
as global guidance for high-level features. The comprehensive experiments demonstrate that our
approach achieves state-of-the-art results in terms of speed and accuracy on three self-driving
datasets: CityScapes, CamVid, and Mapillary Vistas. AGLNet achieves 71.3%, 69.4%, and 30.7% mean
IoU on these datasets with only 1.12M model parameters. Our method also achieves 52 FPS, 90 FPS,
and 53 FPS inference speed, respectively, using a single GTX 1080Ti GPU. Our code is open-source and
available at https://github.com/xiaoyufenfei/Efficient-Segmentation-Networks.

© 2020 Elsevier B.V. All rights reserved.
1. Introduction

Recently, building deeper and larger convolutional neural net-
orks (CNNs) is a primary trend for solving robot vision tasks,
uch as image classification [1–3], object detection [4–6], and
emantic segmentation [7–9]. To improve the representation abil-
ty of visual data, most accurate CNNs usually have hundreds
ven thousands of convolutional layers and feature channels,
.g., ResNet family [1,10,11]. In spite of achieving higher perfor-
ance, these advances are at the sacrifice of running time and

nference speed. Especially in the context of many real-world
cenarios, such as augmented reality, robotics, and self-driving,
he computationally cheaper networks with smaller model size
re often required to carry out online estimation and decision in
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a timely fashion. Therefore, those state-of-the-art networks re-
quiring enormous resources are not suitable for computationally
limited mobile platforms (e.g., drones, robots, and smartphones),
which have limited energy overhead, restrictive memory con-
straints, and reduced computational capabilities. This kind of
limitation is particularly prominent on the computationally heavy
task of semantic segmentation [8,9,12–14], which plays a signif-
icant role in robot vision [15,16]. The goal here aims at helping
robotics to understand surroundings by partitioning an input im-
age into a serious of disjoint regions, where each one is associated
with a pre-defined semantic label including stuff (e.g., sky, road,
buildings) and discrete objects (e.g., person, car, traffic light).

In order to adapt to real-world applications, many lightweight
style convolutional neural networks have been designed to lever-
age the segmentation accuracy and implementing efficiency,
which can be roughly divided into two categories: network com-
pression [17–20] and convolution factorization [21–23]. The first

category prefers to reduce model size by compressing pre-trained
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Fig. 1. The detailed architecture of AGLNet. We use SS-nbt to extract dense Features in encoder. Then FAPM and GAUM are employed to estimate precise segmentation
results with localization details. The purple and red lines represent the deconvolution and Bilinear upsampling, respectively. (Best viewed in color).
Fig. 2. Comparison with state-of-the-art networks in terms of available trade-off between accuracy and efficiency. From left to right are (a) segmentation accuracy
vs. frames per second, and (b) segmentation accuracy vs. model size. ‘Ours’ and ‘Ours† ’ denote training AGLNet with or without using coarse annotation data in
ityScapes. (Best viewed in color).
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etworks, including hashing [17], pruning [18], and quantiza-
ion [19,20]. Quantization networks [19,20] utilize less bits to
ncode model parameters instead of changing network architec-
ure by pruning network weights [18]. To further remove the
edundancy, an alternative approach to lighten CNNs depends
n sparse coding theory [24,25], where the model weights are
lways sparse, thus only small number of parameters are in-
olved in inference calculation. On the contrary, motivated from
he convolution factorization principle (CFP) [10,22,23,26] that
ecomposes a standard convolution, the second category focuses
n directly training a lightweight network from the perspective
f reducing convolutional operation. For example, group convolu-
ion and depthwise separable convolution [2,10] are widely used
n MobileNet [23,27] and ShuffleNet families [26,28]. ENet [21]
mploys ResNet [1] as backbone to perform efficient inference.
hao et al. [29] propose a cascade network that incorporates high-
evel label guidance to improve performance. In [13,22,30], an
ncoder–decoder architecture is adopted to restore object details,
hich greatly reduce the number of parameters while main-
aining the accuracy. Although these advances have conducted
reliminary research on designing lightweight architecture net-
orks for semantic segmentation, pursuing the best accuracy

n very limited computational budgets still remains an open
esearch problem for real-time semantic segmentation in robot
ision.
In this paper, we aim at solving this trade-off as a whole,

onsidering accuracy and run-time efficiency issues equally rel-
vant. We introduce a novel lightweight network, called AGLNet,
sing an attention-guild encoder–decoder architecture for real-
ime semantic segmentation. As shown in Fig. 1, our AGLNet
s composed of two parts: encoder and decoder network. Mo-
ivated from CFP [10,22,23,26], the core unit of encoder is a
omputationally efficient residual module, adopting Split and
huffle in a non-bottleneck structure (SS-nbt), that leverages
dentity mapping and 1-D factorized convolutions with channel
plit and shuffle. While the identity mapping allows the con-
olutions to learn residual functions that facilitate training, the
plit and shuffle operations enhance the information exchange
ithin the feature channels while remaining similar computa-
ional costs compared to 1D factorized convolutions [22]. In the
ecoder, instead of using complicated dilated convolution [30,
1] and artificially designed architecture, two types of atten-
ion mechanism are employed to upsample features to match
he resolution of input image. As illustrated in Fig. 1, a factor-
zed attention pyramid module (FAPM) is used to extract dense
eatures through exploring hierarchical spatial attention from
ow-resolution high-level output, where the factorized convolu-
ion is utilized to further lighten the entire network. Additionally,
o delineate object shapes and boundaries, a global attention
psample module (GAUM) from low-level features is adopted as a
lobal guidance for high-level semantics, in spite of adding a bit
f computational burden, but achieving significant performance
mprovement. More specifically, the spatial attention is calculated
rom low-level features to assign weights for each pixel location
f high-level features. Thereafter, channel attention are encoded
o reweight channel features, where abundant category infor-
ation can be used to select most important feature channels.
ig. 2 also shows the leaderboard of most recent light-weight
etworks for semantic segmentation on CityScapes dataset in
erms of accuracy and efficiency. It can be seen that, although our
ethod performs slower than ESPNet [30] and FPENet [32], we
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improve 10% segmentation accuracy. Compared with DABNet [33]
and EDANet [34], our approach reaches the best balance between
accuracy and efficiency. In summary, the major contributions of
our AGLNet are four-folds:

• In contrast to previous lightweight networks [13,22,29,30]
that usually employ symmetrical architecture, our AGLNet
adopts an asymmetrical encoder–decoder network struc-
ture. The encoder produces the downsampling features us-
ing SS-nbt unit, leading to the smaller network size while
maintaining powerful representation ability. Subsequently,
the decoder upsamples features with the guidance of atten-
tion mechanism, helping to improve segmentation accuracy
while remaining high inference efficiency.

• The SS-nbt unit of AGLNet adopts a split-transform-merge
scheme to design residual layer, where 1D factorized con-
volution with channel split and shuffle operations leverages
network parameters and feature representation, approach-
ing the representational power of large and dense layers,
but at a considerably lower computational complexity. In
addition, channel shuffle is also differentiable, indicating
that our AGLNet can be trained in an end-to-end manner.

• Two types of lightweight attention mechanisms, called FAPM
and GAUM, are employed in decoder to improve segmen-
tation performance. The hierarchical architecture of FAPM
enlarges receptive fields of high-level features, allowing us
to gather multiple scale context. On the other hand, the
spatial and channel attentions are encoded in GAUM to
aggregate the low-level spatial details and recalibrate the
significance of feature channels efficiently.

• We test AGLNet on three self-driving datasets: CityScapes,
CamVid, and Mapillary Vistas. The comprehensive exper-
iments demonstrate that our approach achieves available
state-of-the-art results in terms of speed and accuracy.
Specifically, AGLNet achieves 71.3% and 69.4% mean IoU on
the CityScapes and CamVid test set, and 30.7% on the Map-
illary Vistas validation set, respectively, with only 1.12M
model parameters and 52 FPS, 90 FPS, and 53 FPS inference
speed on three datsets using a single GTX 1080Ti GPU.

The remainder of this paper is organized as follows. After a
rief discussion of related work in Section 2, the detailed architec-
ure of AGLNet is introduced in Section 3. The proposed network
as been evaluated on three self-driving datasets: CityScapes [35],
amVid [36], and Mapillary Vistas [37], and the experiments can
e found in Section 5. Finally, the concluding remarks and future
ork are given in Section 6.

. Related work

In this section, we review the related advances for real-time
emantic segmentation in robot vision using efficient CNN archi-
ecture.

.1. Real-time semantic segmentation in robot vision

To aid robot decision, real-time segmental segmentation re-
uires very fast running speed to produce high-quality estima-
ions. As a pioneer work, ENet [21] designs a bottleneck module
n residual layer to shrink the model. SegNet [13] employs a
mall network structure and the skipped connections to achieve
igh speed. ICNet [29] and ContextNet [38] utilize image pyramid
s inputs to build cascaded networks that incorporates high-
evel label guidance to improve performance. On the contrary,
PENet [39] encodes multi-scale context using efficient feature
yramid to save computational costs. ESPNet [30] adopts di-
ated convolutions with spatial pyramid to enhance efficiency.
BiSeNet [40] extracts high-level semantics and low-level spatial
features using context and spatial paths, accelerating inference
speed by transferring the computation of depth to two sub-
networks. In [22,41], a symmetrical encoder–decoder architec-
ture is employed, which greatly reduce the number of parame-
ters while maintaining the accuracy. Different from these meth-
ods, AGLNet designs a lightweight network in an asymmetrical
encoder–decoder architecture, where the encoder utilizes split-
transform-merge strategy to construct residual layer, and decoder
employs two types of attention module, FAPM and GAUM, to
achieve available trade-off between segmentation accuracy and
implementing efficiency.

2.2. Convolutional factorization

Most state-of-the-art efficient networks [23,26–28,30,31] use
convolutional factorization that decomposes a standard convo-
lution into several steps to reduce computational complexity.
They usually factorize a 2D convolution into two 1D convo-
lution (e.g., decomposing n × n to 1 × n and n × 1), such
as group convolution [3,26,42], depth-wise separable convolu-
tion [23], and its dilated version [30,31]. More specifically, group
convolution [3,26,42] splits the input feature channels into groups
and each group is convolved independently. As a special case
of group convolution, depth-wise separable convolution [23] is
widely used in many efficient networks [27,28], where a stan-
dard convolution is decomposed into two steps: depth-wise and
1 × 1 pointwise convolution. The first step performs light-weight
filtering where each input channel is considered as a group, and
the second step learns a linear combinations among all input
channels. To learn representations from a large effective recep-
tive field, some lightweight networks [30,31] extend depth-wise
convolutions using depth-wise ‘dilated’ separable convolutions.
Other representable networks [22] reduce model size through
factoring one 2D convolution (e.g., 3 × 3) to two 1D convo-
lution (e.g., 1 × 3 and 3 × 1). Unlike these efficient network,
our AGLNet employs SS-nbt unit to avoid pointwise convolu-
ion, saving a large number of computational costs. In contrast
o ShuffleNets [26,28] that only perform convolution on half
umber of input feature channels, our AGLNet makes full use
f all input channels with multiple branches of convolution to
mprove network representation ability. Additionally, our SS-nbt
nit enhances the information exchange within feature channels
hile maintaining similar computational costs compared to 1D

actorized convolutions.

.3. Visual attention

Motivated from the application of speech recognition [43],
isual attention is widely-used in computer vision community
n recent years [44–49]. Attention mechanism can be used as
lobal context to guide the feed-forward network for improving
erformance [46,50]. For example, in [45], the attention of CNN is
ncoded relying on the scale of the input image. In [46,47], feature
hannel attention is applied to achieve state-of-the-art results
or image recognition task. Some attention networks [40,47,51]
mbeds global average pooling branch to enlarge the receptive
ield, and enhances the consistency of dense pixel-wise classifi-
ation. EncNet [52] also introduces a global pooling scheme [47]
o capture high-level semantics and predicts scaling factors that
re conditional on these encoded semantics. FPENet [39] adds the
ttention module to the decoder branches. Unlike these models,
ur AGLNet employs two types of attention module, FAPM and

GAUM, which encode the spatial- and channel-based attention,
as global context to improve segmentation performance.
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An early version of this work was first published in [53].
his journal version extends previous one in three aspects: (1)
he previous version still use standard convolution in decoder,
eading to the heavy network and slow down the implement-
ng efficiency. Conversely, we apply factorized 1D convolution
nstead of 2D standard convolution, further reducing the model
omplexity. (2) In contrast to [53] that only utilizes FAPM, our
GLNet employs GAUM as a global guidance to recovery precise
esolution details. (3) We have performed more exhaustive evalu-
tions and ablation experiments, and reported more comparisons
nd improved results.

. AGLNet

In this section, we first introduce the core unit, SS-nbt, with
plit and shuffle operations in encoder. Thereafter, two proposed
ttention modules, FAPM and GAUM, are employed for seman-
ic segmentation task. Finally, we describe the whole encoder–
ecoder network architecture of AGLNet.

.1. SS-nbt

We focus on solving the efficiency limitation that is essentially
resent in the residual block, which is used in recent accu-
ate CNNs for image classification [1,11,26] and semantic seg-
entation [12,21,22]. To reduce computation, the group con-
olutions [11,26] and depthwise separable convolutions [2,9,23]
re adopted as standard steps in residual block. As shown in
ig. 3, the recent years has witnessed multiple successful in-
tances of lightweight residual layer [21,23]. For instance, the
ottleneck module (Fig. 3(a)) comes from the standard residual
ayer of ResNet [1], which requires less computational resources
y reducing input channels. Although it is commonly adopted
n state-of-the-art networks [21,23], the performance descend
rastically when network depth increases. Another two outstand-
ng residual module are non-bottleneck-1D (Fig. 3(b)) and Shuf-
leNet (Fig. 3(c)), where the first one is a 1D version of standard
onvolution while the second one utilizes pointwise convolu-
ions (i.e., 1 × 1 convolution) in bottleneck structure. However,
he contrary opinion of [26] claims that pointwise convolution
ccounts for most of the computational complexity, which is
specially disadvantageous for lightweight models.
To balance performance and efficiency given limited com-

utational budgets, we introduce two simple operators, called
hannel split and shuffle, in residual layer. We refer to this
roposed module as split-shuffle-non-bottleneck (SS-nbt), as de-
icted in Fig. 3(d). Motivated from [10,20], a split-transform-merge
trategy is employed in the design of our SS-nbt, approaching
he representational power of large and dense layers, but at a
onsiderably lower computational complexity. At the beginning
f each SS-nbt, the input is split into two lower-dimensional
ranches, where each one has half channels of the input. To avoid
ointwise convolution, the transformation is performed using a
et of factorized 1D filter kernels (e.g., 1 × 3, 3 × 1), and the
onvolutional outputs of two branches are merged using con-
atenation so that the number of channels keeps the same. Note
e use some factorized dilated 1D convolution to increase the
eceptive fields. Actually, the input feature can be split into arbi-
rary number of branches instead of two branches. The extremely
ase is the branch numbers are equal to the channel number of
nput feature, where each branch only contains one channel of
nput feature. Along with the increase of split branches, however,
ields repeated access of feature memory, probably slowing down
he computational efficiency [27,28]. To facilitate training, the
tacked output is added with input through the branch of iden-

ity mapping. The same channel shuffle operation [26] is finally
used to enable information communication between two split
branches. After the shuffle, the next SS-nbt unit begins. It is clear
that our residual module is not only efficient, but also accurate.
Firstly, factorized convolution involves less model parameters,
lead to high computational efficiency in each SS-nbt unit. In
contrast to ShuffleNets [26,28] that only perform convolution on
half number of input channels, high efficiency allows us to use
more feature channels, yielding more powerful representation of
visual data. Secondly, in each SS-nbt unit, the merged feature
channels are randomly shuffled, and then join into next unit. The
channel shuffle operation can be regarded as a kind of feature
reuse along with visual data flows forward to the deepest layer
of the network, which to some extent enlarges network capacity
without significantly increasing complexity.

3.2. FAPM

In this section, we consider how to provide pixel-wise at-
tention for high-level features in a very efficient fashion. In the
scenario of real-time semantic segmentation, the pyramid struc-
ture [29–31] has been used at several grid scales to abstract
features, where dilated convolution is often performed using
filter kernels with different size. In spite of increasing receptive
field effectively in pixel-level, dilated convolution often results in
gridding artifacts that may be harmful for the local consistency
of filter responses. Additionally, such structure neglects encoding
channel- and pixel-wise attention for high-level features, and,
most importantly, lacks considering lightweight architecture of
convolution.

Based on above observations, we propose the factorized at-
tention pyramid module (FAPM), as shown in Fig. 4. Our FAPM is
consist of two attention parts: pyramid feature attention (PFA)
and global pooling attention (GPA), both of which construct
pixel-wise attention to improve performance. To increase recep-
tive field, the PFA adopts a hierarchical U-shape structure [54],
which integrates contextual features from three different pyra-
mid scales. As green arrows shown in Fig. 4, to reduce computa-
tional burden, we first utilize factorized convolution (e.g., 1 × 7
nd 7 × 1 for scale 1, 1 × 5 and 5 × 1 for scale 2, and 1 × 3 and

3 × 1 for scale 3) with stride 2 for each pyramid scale to down-
sample feature resolution. These downsampled feature maps are
transferred still using factored filter kernels with stride 1 to better
extract context cues from each individual pyramid scale. Since
high-level feature maps have small resolution, using larger filter
kernel size (e.g., 1 × 7 and 7 × 1) does not increase too much
computational budgets. Thereafter, the transferred features are
sequentially enlarged through bilinear upsampling, as red arrows
shown in Fig. 4, and then added to the counterpart of different
scales step-by-step. Finally, the pixel-level attention produced
from PFA is multiplied by the transferred feature maps, generated
from original features of CNNs using 1 × 1 pointwise convolution.
On the other side, to further enhance performance, a GPA branch
is introduced to integrate global context prior attention. More
specifically, GPA branch first utilizes global average pooling to
encode channel attention, then an 1 × 1 convolution is applied to
learn the linear combination of input channels. At the end of this
branch, bilinear upsampling is once again employed to match the
resolution of input feature maps.

Benefiting from the hierarchical architecture of PFA, FAPM
can capture multi-scale context cues, and produce pixel-level
attention for convolutional features. Unlike [9] and [55] that stack
multi-scale feature maps, our context information is abstracted
using factorized convolution, and pixel-wisely multiplied with
original convolutional features, without introducing too much
computational budgets.
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Fig. 3. Comparison of different residual layer modules. From left to right are (a) bottleneck [21,23], (b) non-bottleneck-1D [22], (c) ShuffleNet [26], and (d) our
S-nbt module. (Best viewed in color).
Fig. 4. Architecture of FAPM. Our FAPM is consist of two attention parts: pyramid feature attention and global pooling attention. (Best viewed in color).
Fig. 5. (a) Detail architecture of GAUM. (b) and (c) are spatial- and channel-wise attention block used in (a), respectively. (Best viewed in color).
3.3. GAUM

The commonly-used architecture in encoder–decoder network
or semantic segmentation is U-shape model [12,54–56], which
s designed to aggregate features extracted from intermediate
onvolution layers to recover original input resolution. Some
pproaches adopts naive decoder structure using simple bilinear
psampling [8,55] or transposed convolution [54], where the
ow-level spatial information is often ignored leading to coarse
egmentation output. The alternative methods [12,56] make an
ffort to refine object shapes and boundaries by aggregating
ow-level and upsampled features, leading to complicated de-
oder modules that are at the sacrifice of running time and
peed. Other networks [32,57] resort to employ global attention
hat squeezes high-level context and embeds it into low-level
eatures as a guidance. Although low-level features are rich in
patial details while high-level features contain abundant con-
ext semantics, it is very difficult to aggregate different scale
features due to their different feature resolutions and channels.
Motivated from [58], this section introduces a novel information
fusion module, GAUM, which encodes spatial- and channel-wise
attention to improve representation ability of visual data, still
maintaining low computational costs.

As shown in Fig. 5(a), the GAUM is mainly composed by
two parts: spatial attention block (SAB) and channel attention
block (CAB). As purple arrow shown in Fig. 5(a), a transposed
convolution is first applied to enlarge resolution of high-level fea-
tures. These upsampled feature maps are sequentially multiplied
by the outputs of SAB and CAB, where the first one reweights
the filter responses for each pixel localization, and second one
assigns different weight for each feature channel. Finally, the
weighted features are fused with upsampled features by element-
wise addition. Immediately below, we elaborated on the details
of SAB and CAB, respectively.
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3.3.1. SAB
Considering that the category-based distribution is uneven on

the different image pixels, we propose SAB to make the network
pay more attention to informative features. Let X be the input
feature maps, f stands for a 1 × 1 convolution, and ∗ denotes con-
volutional operation. Then the spatial attention map S is defined
as:

S = σ (X ∗ f ), (1)

where σ (·) represents sigmoid function. After transformation, the
shape of X changes from C × H × W to 1 × H × W . Finally, we
element-wise multiply the input X and the spatial weight map S
to get our weighted feature maps Xs:

Xs = X ⊗ S, (2)

where ⊗ denotes the element-wise manipulation.

3.3.2. CAB
Our channel attention mainly concerns that different channel

features have totally different weights. Let Xs(i, j) stands for the
values of Xs at pixel position (i, j). Firstly, a global average pool-
ng is performed on Xs, which encodes the channel-wise global
patial information into a channel descriptor:

=
1

H × W

H∑
i=1

W∑
j=1

Xs(i, j), (3)

s a result, the shape of Xs changes from C ×H ×W to 1×1×C .
imilar to SAB, G is first directly fed into an 1 × 1 convolutional
ayer, and then passed through a sigmoid function, resulting in
he channel attention map C :

= σ (G ∗ f ), (4)

he final weighted feature maps are obtained by multiplying
eature map Xs and the attention map C :

s,c = Xs ⊗ C = X ⊗ S ⊗ C , (5)

The abstracted spatial attention map produced from low-level
eatures encodes the importance of each pixel, which focuses on
ocalizing the objects and refining the corresponding shapes and
oundaries with spatial details. Conversely, the squeezed chan-
el attention map generated from upsampled high-level features
eflects the importance of each channel, which focuses on the
lobal context to provide content information. The GAUM extracts
hese two kinds of attention, through which semantic concepts
nd spatial details are efficiently embedded into each upsampling
tage of our AGLNet.

.4. Network architecture of AGLNet

The entire network architecture is shown in Fig. 1. Our AGLNet
follows a lightweight encoder–decoder architecture with FAPM
and GAUM. Unlike [13,54], our approach employs an asymmetric
sequential architecture, where a encoder produces downsampled
feature maps, and a subsequent decoder upsamples the feature
maps to match input resolution. In order to preserve spatial
information and reduce number of parameters, the total down-
sampling rate is 8. The detailed structure of the proposed model
is shown in Table 1.

Besides SS-nbt unit and FAPM, the encoder also includes
downsampling unit, which is performed by stacking two parallel
outputs of a single 3 × 3 convolution with stride 2 and a Max-
pooling. Downsampling enables more deeper network to gather
context, while at the same time helps to reduce computation. In
the similar spirit of [10], we postpone downsampling in encoder,
maintaining more spatial information that is benefit to improve
Table 1
Detailed architecture of proposed AGLNet. Input image size is 512 × 1024 × 3.
‘‘Output size’’ denotes the dimension of output feature maps, C is the number
of classes.
Stage Layer Operator Mode Channel Output size

Encoder

1 Downsampling Unit – 32 256 × 512
2–4 3× SS-nbt Unit dilated 1 32 256 × 512

5 Downsampling Unit – 64 128 × 256
6–7 2× SS-nbt Unit dilated 1 64 128 × 256

8 Downsampling Unit – 128 64 × 128
9 SS-nbt Unit dilated 1 128 64 × 128
10 SS-nbt Unit dilated 2 128 64 × 128
11 SS-nbt Unit dilated 5 128 64 × 128
12 SS-nbt Unit dilated 9 128 64 × 128
13 SS-nbt Unit dilated 2 128 64 × 128
14 SS-nbt Unit dilated 5 128 64 × 128
15 SS-nbt Unit dilated 9 128 64 × 128
16 SS-nbt Unit dilated 17 128 64 × 128
17 FAPM – 128 64 × 128

Decoder

18 GAUM – 64 128 × 256
19 GAUM – 32 256 × 512

20 1 × 1 Conv stride 1 C 256 × 512
21 Bilinear interpolation ×2 C 512 × 1024

performance. Moreover, the usage of dilated convolutions [22,59]
allows our architecture to have large receptive field, further lead-
ing to an improvement in accuracy. Compared to the use of larger
kernel sizes, this technique has been proven more effective in
terms of computational cost and parameters. For the decoder, two
GAUMs are used to aggregate features and recover the resolution
step-by-step. Then a 1 × 1 convolutional layer is applied to
map the feature channels to the numbers of object categories,
and a 2× bilinear upsampling is used to produce the pixel-level
classifier.

4. End-to-end training of AGLNet

In training our AGLNet, one major problem is category unbal-
ancing, where there is large variation in the number of training
samples in each class. A typical example is the category of ‘‘traffic
sign’’ and ‘‘road’’ in CityScapes dataset, in which the object in-
stants of first class occupy a very small number of image regions,
while those of the second one occupy a large number of pixels.
Therefore, we train AGLNet in end-to-end manner using weighted
cross entropy loss function. Let zk(x, θ) denotes the unnormalized
log probabilities for pixel x with kth category given network
parameters θ, then the soft-max function pk(x, θ) is defined as:

pk(x, θ) =
exp{zk(x, θ)}∑K
k′ exp{zk′ (x, θ)}

, (6)

where K is the total number of pre-defined object categories.
In the inference process, the kth semantic category is assigned
to pixel x if it achieves the highest predicted probability k∗

=

argmaxk pk(x, θ).
For the task of semantic segmentation, the loss is always

summed up over all the pixels in a mini-batch. For notation
simplify, let N be the total number of pixels in a training batch,
yi denote the ground-truth semantic label for pixel xi, and pik
indicate the estimated probability pk(xi, θ) when pixel xi belongs
to category k, our training target is to find an optimal model
parameters θ∗ that minimizes the weighted cross-entropy loss
L(x, θ):

θ∗
= min

θ
L(x, θ), (7)

For CityScapes dataset [35], unbalanced training samples often
result in the preference on common categories that appears fre-
quently and less improvement on the hard objective at training
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stage. In order to solve this problem, we utilize the Online Hard
Example Mining (OHEM) scheme [60] to define our weighted loss
function:

L(x, θ) = −
1∑N

i=1
∑K

k=1 δ(yi = k, pik < η)

×

N∑
i=1

K∑
k=1

δ(yi = k, pik < η) log pik,
(8)

where η ∈ (0, 1] is a pre-defined threshold, and δ(·) denotes a
indicator function, which equals one when the inside condition
holds, and otherwise equals zero.

For CamVid dataset [36], on the other hand, the weighted loss
function is defined as:

L(x, θ) = −

N∑
i=1

K∑
k=1

wikqik log pik, (9)

where qik = q(yi = k|xi) is the ground-truth distribution when
emantic label of pixel xi is k, and wik represents a weight coeffi-
ient, which is always defined as inverse ratio with respect to the
ounted number of training samples for kth category in training
ata [10,21].

. Experiments

This section reports the experimental results of our method
n two challenging self-driving datasets: CityScapes [35] and
amVid [36]. Some ablation studies are also conducted to better
nderstand the underlying behavior of our network for semantic
egmentation in robot vision.

.1. Datasets

We test AGLNet on Mapillary Vistas [37], CityScapes [35] and
amVid [36] datasets, which are commonly-used benchmarks
or real-time semantic segmentation. All datasets focus on city
treet scenes for self-driving, where a car is treated as an au-
onomous robot to perceive surroundings, including recognizing,
ocalizing and segmenting object instances in input images. The
apillary Vistas dataset is a large dataset for panoptic segmen-

ation. It includes 65 object categories (28 for stuff and 37 for
bjects), and the images have wide range of resolutions. This
ataset is densely annotated, in which 18K/2K/5K images are used
or training, validation, and testing, respectively. The Cityscapes
ataset [35] contains 30 classes and only 19 classes (e.g., road, car,
edestrian, bicycle, sky, etc.) of them are used for semantic seg-
entation evaluation. This dataset contains 5000 high-resolution

2048 × 1024) pixel-level finely annotated images, which are
ivided into 2975/500/1525 images for training, validation and
esting respectively. It also contains another set of nearly 20,000
mages with coarse annotation. On the other hand, CamVid [36]
s a smaller dataset, only involving 11 object categories with 701
mages. All images are collected from 5 videos with resolution
60 × 720, where the split principles are 367 for training, 101
or validation, and 233 for testing. For fair comparison, we down-
ample the original image size to 1024 × 512 and 480 × 360,
respectively, as input resolution for two datasets.

5.2. Baselines

To show the advantages of our approach, we selected 9 state-
of-the-art models as baselines, including ENet [21], ERFNet [22],
ESPNet [30], ESPNet V2 [31], CGNet [41], EDANet [34], FSCN-
Net [61], FPENet [32], and DABNet [33]. Experimental results
of some baseline models are produced using default parameter
 L
Table 2
Individual category results of different methods on the Cityscapes test sets.
Method Roa Sid Bui Wal Fen Pol TLi TSi Veg Ter

ENet [21] 96.3 74.2 85.0 32.1 33.2 43.4 34.1 44.0 88.6 61.4
ERFNet [22] 97.7 81.0 89.8 42.5 48.0 56.2 59.8 65.3 91.4 68.2
CGNet [41] 95.9 73.9 89.9 43.9 46.0 52.9 55.9 63.8 91.7 68.3
EDANet [34] 97.8 80.6 89.5 42.0 46.0 52.3 59.8 65.0 91.4 68.7
ESPNet [30] 95.7 73.3 86.6 32.8 36.4 47.0 46.9 55.4 89.8 66.0
ESPNet V2 [31] 97.3 78.6 88.8 43.5 42.1 49.3 52.6 60.0 90.5 66.8
FSCNN [61] 97.4 77.8 87.4 39.7 41.8 35.0 39.4 50.5 88.5 63.3
DABNet [33] 97.8 80.7 90.2 47.9 48.1 56.4 61.8 67.0 92.0 69.5
FPENet [32] 96.4 71.7 84.6 27.1 28.8 43.2 39.2 34.4 89.3 61.3

Ours 97.8 81.0 91.0 51.3 50.6 58.3 63.0 68.5 92.3 71.3
Oursa 99.2 82.5 92.4 52.0 52.0 59.3 64.5 69.4 93.0 73.0
Method Sky Ped Rid Car Tru Bus Tra Mot Bic mIoU

ENet [21] 90.6 65.5 38.4 90.6 36.9 50.5 48.1 38.8 55.4 58.3
ERFNet [22] 94.2 76.8 57.1 92.8 50.8 60.1 51.8 47.3 61.7 68.0
CGNet [41] 94.1 76.7 54.2 91.3 41.3 55.9 32.8 41.1 60.9 64.8
EDANet [34] 93.6 75.7 54.3 92.4 40.9 58.7 56.0 50.4 64.0 67.3
ESPNet [30] 92.5 68.5 45.9 89.9 40.0 47.7 40.7 36.4 54.9 60.3
ESPNet V2 [31] 93.3 72.9 53.1 91.8 53.0 65.9 53.2 44.2 59.9 66.2
FSCNN [61] 92.7 65.7 46.4 91.0 57.0 70.3 56.5 40.9 52.6 62.8
DABNet [33] 94.3 80.3 59.2 93.7 46.0 57.1 35.0 50.4 66.8 68.1
FPENet [32] 92.3 68.1 42.7 89.8 29.1 38.9 27.5 29.1 54.5 55.2

Our 94.2 80.1 59.6 93.8 48.4 68.1 42.1 52.4 67.8 70.1
Oursa 95.2 81.4 60.3 95.3 49.3 69.6 43.5 53.4 69.3 71.3

aMethods trained using both fine and coarse data.

Table 3
Speed and accuracy comparison of AGLNet on Cityscapes test dataset. Except to
the lightweight baselines, we also compared with some heavy models, including
FCN [8], PSPNet [55] and DeepLab [9].
Method Input size Extra data #Params FLOPs FPS mIoU (%)

SegNet [13] 640 × 360 ImN 29.5M 286G 16.7 57
FCN-8S [8] 512 × 1024 no – 136.2G 2 63.1
DeepLab [9] 512 × 1024 ImN 262.1M 457.8G 0.25 63.1
RefineNet [12] 512 × 1024 ImN 118.1M 526G 9.1 73.6
OCNet [62] 512 × 1024 ImN 62.6M 549G 8.7 80.1
PSPNet [55] 713 × 713 ImN + Coa. 250.8M 412.2G 0.78 81.2

ENet [21] 512 × 1024 no 0.36M 4.4G 65 58.3
ERFNet [22] 512 × 1024 no 2.1M 26.86G 49 68.0
CGNet [41] 512 × 1024 no 0.5M 7.01G 64 64.8
EDANet [34] 512 × 1024 no 0.68M 8.95G 102 67.3
ESPNet [30] 512 × 1024 no 0.36M 4.7G 113 60.3
ESPNetv2 [31] 512 × 1024 ImN 1.25M 5.85G 65 66.2
FSCNN [61] 512 × 1024 Coa. 1.14M 1.76G 230 62.8
DABNet [33] 512 × 1024 no 0.76M 10.46 99 68.1
FPENet [32] 512 × 1024 no 0.12M 1.58G 110 55.2

Ours 512 × 1024 no 1.12M 13.88G 52 70.1
Ours† 512 × 1024 Coa. 1.12M 13.88G 52 71.3

‘‘ImN’’ and ‘‘Coa.’’ mean pre-training model using ImageNet dataset [63] or the
coarse annotation set of Cityscapes dataset. ‘‘–’’ indicates that the corresponding
result is not provided by the methods. We reproduce some models, and evaluate
speed under the same setting with our AGLNet for fair comparison.

settings given by the authors, while others are directly reported
from the published literature. All the baselines are evaluated
and measured by the mean intersection-over-union (mIoU) class
score [22,61], which is calculated as the mean portion of the inter-
section between the ground truth and the predictions, averaged
across all semantic classes for all datasets.

5.3. Implementation details

AGLNet is implemented on the hardware platform of DELL
orkstation with a single GTX 1080Ti GPU, and trained in an
nd-to-end manner using Adam optimizer [61] for CityScapes
ataset, and the Rectified Adam (RAdam) [64] combined with
ookAhead [65] for CamVid dataset. For two datasets, we favor
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w

Fig. 6. The visual comparison on Cityscapes val set. From top to bottom are input images, ground truth, segmentation outputs from AGLNet, ENet [21], ERFNet [22],
CGNet [41], EDANet [34], ESPNet [30]. ESPNetv2 [31], FSCNNet [61], DABNet [33] and FPENet [32]. (Best viewed in color).
a large minibatch size (set as 8) to make full use of the GPU
memory. The initial learning rate is set as 5 × e−4 and 3 × e−2

for two dataset. The ‘poly’ learning rate policy [14] is adopted
in our training process, where the learning rate is updated by
(1 −

iter_num
max_iter )

power with power 0.9, together with momentum and
eight decay, are set to 0.9, 10−4, and the maximum number

of training epochs, is set to 500 and 1000, for two datasets, re-
spectively. For data augmentation, we adopted random horizontal
flipping, left–right flipping, and random scaling between 0.5 and
2 on the input images during training. Finally, we randomly crop
the image into fixed size for training. All images of two datasets
were normalized to zero mean and unit variance.

5.4. Evaluation results on CityScapes

For fair comparison, all the baselines are performed using the
same hardware platform with a single NVIDIA GTX 1080Ti GPU.
Tables 2 and 3 compare our AGLNet with selected state-of-the-
art networks. The results show that AGLNet outperforms these
baselines in terms of segmentation accuracy wile still achieves
real-time implementing efficiency. Among all the approaches,
our method only has 1.12M model size, while achieves 52 FPS
inference speed and 70.1% mIoU without using extra training
data. Only using extra coarse annotated training data, the seg-
mentation accuracy improves 1.2% to 71.3% mIoU. From Table 3,
it is observed that 16 out of the 19 object categories obtains best
mIoU scores, especially for some categories, achieving remarkable
improvement (e.g., 8.1% for ‘Wal’ and 2.1% for ‘Mot’) than the
second ranked method. Regarding to the efficiency, AGLNet has
nearly half size but a bit more faster than ERFNet [29]. Other
lightweight baselines are faster than our AGLNet, yet at the sac-
rifice of segmentation accuracy. For example, FSCNN achieves
the highest implementing speed, but delivers poor segmentation
accuracy of 8.5% drop than our AGLNet. We also compare with
some heavy models and report the results on Table 3. It shows
that our approach achieves higher performance than [8,9] that
are not able to perform real-time estimation. Fig. 6 shows some
qualitative results on the CityScapes val set. It is demonstrated
that, compared with baselines, our AGLNet not only correctly
classifies object with different scales, but also produces consistent
qualitative results for all classes.
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Fig. 7. The visual comparison on CamVid test set. From top to bottom are input images, ground truth, segmentation outputs from AGLNet, ENet [21], ERFNet [22],
CGNet [41], EDANet [34], ESPNet [30]. ESPNetv2 [31], FSCNNet [61], DABNet [33] and FPENet [32]. (Best viewed in color).
Table 4
Accuracy result of each individual category on CamVid test dataset.
Method Sky Building Pole Road Sidewalk Tree Sign Fence Car Pedestrain Bicyclist mIoU (%)

ENet [21] 91.2 74.9 23.4 92.1 73.7 68.1 30.1 20.9 77.3 41.1 45.8 58.1
ERFNet [22] 92.0 81.3 37.8 95.0 81.1 75.0 45.0 36.2 84.3 58.3 58.2 67.7
CGNet [41] 90.8 79.8 28.1 95.3 81.9 73.2 41.6 32.9 81.3 52.9 53.9 64.7
EDANet [34] 89.8 79.4 24.3 94.0 81.0 71.1 37.3 31.4 76.9 51.1 53.5 62.7
ESPNet [30] 92.0 75.0 25.0 91.5 73.8 68.4 29.5 23.7 74.5 42.4 45.2 58.2
ESPNetv2 [31] 91.0 71.0 18.1 90.1 67.2 61.3 20.0 21.1 69.7 28.8 33.4 52.0
FSCNN [61] 90.2 74.3 15.0 91.7 72.6 67.9 28.9 17.4 70.1 31.9 35.6 54.2
DABNet [33] 91.1 81.0 29.4 93.8 78.7 74.1 43.0 37.2 81.7 56.2 56.5 65.7
FPENet [32] 91.0 76.3 31.0 93.8 78.3 68.8 32.1 25.1 77.7 45.6 45.6 60.5

Ours 91.8 82.6 39.0 95.4 83.1 76.1 45.3 39.5 87.0 61.5 62.7 69.4
5.5. Evaluation results on CamVid

We also evaluate AGLNet on CamVid [36] dataset, and re-
ort the results in Tables 4 and 5. Compared with the selected
tate-of-the-art baselines, AGLNet shows the superior perfor-
ance in terms of running speed and segmenting accuracy.
From Table 4, except one class ‘‘sky’’, AGLNet achieves the best
performance in rest categories. Note AGLNet performs faster on
CamVid dataset (52 vs. 90 FPS) than Cityscapes dataset, due to its
smaller input image resolutions (1024 × 512 of Cityscapes and
480 × 360 of CamVid). Several visual examples of segmentation
outputs are shown in Fig. 7.
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Fig. 8. Visualization results of FAPM on Cityscapes val set. (Best viewed in color).
Fig. 9. Visualization results of GAUM on Cityscapes val set. (Best viewed in color).
able 5
omparison with state-of-the-art networks on the CamVid test dataset.
Method #Params (M) FPS mIoU (%)

ENet [21] 0.36 98.8 58.1
ERFNet [22] 2.10 139.1 67.7
CGNet [41] 0.50 99.1 64.7
EDANet [34] 0.68 175.1 62.7
ESPNet [30] 0.36 190.3 58.2
ESPNetv2 [31] 1.25 118.5 52.0
FSCNN [61] 1.14 245.1 54.2
DABNet [33] 0.76 164.5 65.7
FPENet [32] 0.12 116.5 60.5

Ours 1.12 90.1 69.4

Table 6
Comparison with state-of-the-art methods on the Mapillary Vistas validation set
in terms of mIOU scores.
Method Input size Extra data # Params FLOPs FPS mIoU (%)

FPENet [32] 1024 × 2048 no 0.76M 20.9 103 28.33
DABNet [33] 1024 × 2048 no 0.12M 3.10 75 29.60

Ours 1024 × 2048 no 1.12M 24.12 53 30.70

5.6. Evaluation results on mapillary Vistas

We then demonstrate that our method scales nicely when
ugmenting the number and classes on Mapillary Vistas dataset
n Table 6. To verify our method on this dataset, we select DAB-
et [33] and FPENet [32] as baselines. Compared with Cityscapes
nd CamVid datasets, our method only obtains 30.7% mIoU score
ue to large number of classes in Mapillary Vistas dataset. Even
Table 7
Ablation study results of AGLNet on Cityscapes val dataset.
Model FAPM GAUM train val mIoU (%) Params (M)

AGLNet ✓ 66.12 0.91
AGLNet ✓ ✓ 67.62 0.95
AGLNet ✓ ✓ 69.19 1.08

AGLNet ✓ ✓ ✓ 69.39 1.12
AGLNeta ✓ ✓ ✓ ✓ 74.50 1.12

Params: Model size.
aMethods trained using both train and val data.

so, Table 6 still demonstrates that our method performs bet-
ter than FPENet [32] in terms of mIoU (30.7% vs 28.33%). Al-
though DABNet [33] runs nearly twice faster than our network,
our approach still achieves 1.1% improvement in segmentation
accuracy.

5.7. Ablative studies

To investigate the effectiveness of two attention module of our
proposed AGLNet, we conduct ablative studies on Cityscapes val
dataset, where FAPM and GAUM are separately added, and com-
bined together to our system. Table 7 reports the contributions
of each component and their combinations in terms of mIoU.
It is observed that introducing more attention module leads to
the improvement of performance. Compared with the baseline
that no attention module is adopted, only using FAPM leads to
the result of 67.62% mIoU, which brings 1.5% improvement. On
the other hand, employing GAUM individually outperforms the
baseline by 3.07%, yielding 69.19% segmentation accuracy. This is
due to the fact that, compared with FAPM, GAUM takes advantage
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of semantics of high-level feature and spatial details of low-
level features as interact guidance to improve the performance.
Another interesting observation is that, using GAUM has a bit
larger model size than using FAPM (e.g., 0.95 vs. 1.08). This is
probably because we use two GAUM units in our AGLNet. When
both attention module is explored, our AGLNet achieves high-
est segmentation accuracy, which improves to 69.39%. We also
employ val set to train AGLNet using both FAPM and GAUM. It
achieves 74.5% mIoU, which indicates that more training data is
beneficial to further improve the performance.

Some segmentation outputs of visual examples are illustrated
in Figs. 8 and 9, which has the consistent results with Table 7.
Specifically, the effects of FAPM can be visualized in Fig. 8. Some
details and object boundaries are more clearer (e.g., ‘building’ and
‘sidewalk’ in first and third example) and missing tiny objects
are correctly classified (e.g., ‘bicycle’ and ‘traffic sign’ in second
example). FAPM enhances the discrimination ability by capturing
multi-scale context information. Meanwhile, Fig. 9 demonstrate
that, with our GAUM, some misclassified category are now cor-
rectly classified, such as the ‘car’ in first example and ‘tree’ in
third example. The semantic consistency have been improved
obviously.

6. Conclusion remarks and future work

This paper has described a AGLNet model, which designs
a lightweight encoder–decoder network for real-time semantic
segmentation of self-driving images. The encoder adopts channel
split and shuffle operations in residual layer, enhancing infor-
mation communication in the manner of feature reuse. On the
other hand, the decoder employs two attention blocks, FAPM and
GAUM, where the first one adopts spatial pyramid architecture
to enlarge receptive fields without introducing significant com-
putational budgets, and the second one employs the interaction
of high-level and low-level features as guidance to improve per-
formance. The entire network is trained end-to-end. To evaluate
our method, the experiments are conducted on two popular
self-driving datasets: Cityscapes and CamVid. The experimental
results show our AGLNet achieves best trade-off on CityScapes
dataset in terms of segmentation accuracy and implementing
efficiency. In the future, we would like to make an effort to
quantize model parameters, leading to faster running speed for
real-time semantic segmentation.
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