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As perception-related applications are of great importance in industrial production and
daily life nowadays, solutions for understanding given images semantically receive numer-
ous attention from the literature. To this end, significant accomplishments have been
reached for such pixel-wise segmentation problem thanks to novel manipulations of inte-
grating global context into local details in convolutional neural networks. However, this
strategy in the existing work did not exhaustively exploit middle-level features, which
carry reasonable balance between fine-grained and semantic information. Therefore, this
paper introduces a Cross-Attentional Bracket-shaped Convolutional Network (CAB-Net)
to leverage their contribution to the tournament of constructing pixel-wise labeled map.
In concrete, fine-to-coarse feature maps of interest from the backbone network are densely
combined by an efficient fusion of channel-wisely and spatially attentional schemes in
crossing manner, namely Cross-Attentional Fusion, to embed semantically rich features
into finer patterns. Continuously, these newly decoded outputs repeat the same procedure
round-by-round until shaping a final feature map having finest resolution for complete
scene understanding. Consequently, the proposed CAB-Net achieves competitive mean
Intersection of Union performance on PASCAL VOC 2012 (83.6% without MS-COCO pre-
training), CamVid (76.4%) and Cityscapes (78.3%) datasets.

© 2020 Elsevier Inc. All rights reserved.

1. Introduction

Over the last few years, tremendous growth in power of computational resources and quantity of visual data has enabled
deep learning to be intensively exploited in diverse computer vision tasks for further industrial applications. To this end,
Convolutional Neural Network (CNN), one of the most well-known branches of deep learning, has attracted numerous
researchers thanks to its significant performance boost in various problems ranging from categorizing overall content
[33,13,8,14] to labeling every single pixel [28,1,31] of images. Specifically, the former is basically referred to as classification
task at image level, which can be applied into human activity recognition [17,18], disease progression identification [15], to
name a few. Meanwhile, the latter is called semantic segmentation which recognizes predefined objects at pixel level for

complete scene understanding.
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In fact, such per-pixel labeling problem remains an open research area due to the following reason: the recently rapid
development of perception-related applications (e.g., medical image analysis, augmented reality, computational photogra-
phy, autonomous driving) requires higher pixel-wise categorization performance for retrieving more comprehensive knowl-
edge from the given scenes. For example, segmenting regions of interest semantically from a medical image can provide
valuable information such as tumor density (by pixel level) to the physicians for better diagnosis and treatment [2]. As a
result, a large amount of semantic segmentation models has been proposed and benchmarked with large-scale datasets
[10,4,9] for being efficiently applied into the aforementioned technologies.

Generally, to tackle such pixel-wise grouping problem, most existing approaches have utilized CNN primarily designed
for classifying images like VGG [33], ResNet [13], Xception [8], to name a few, as the backbone network to exhaustively
exploit its powerful feature representation. In concrete, features learned at shallow layers are finely patterned but weakly
semantic due to partial view on the original inputs. Oppositely, features acquired at deeper layers depict abstract appearance
(a.k.a., coarse pattern) but carry semantically-rich information due to multiple subsampling stages and larger field of view on
the input images, respectively. In other words, following the feedforward process of the CNNs, wherein spatial resolution of
the learned feature maps gradually decreases while corresponding channel dimension increases significantly, local details
and global contextual information are extracted successively. Besides that, since semantic segmentation framework aims
to generate densely labeled output having spatial size same as that of the input, it emerges the following research question:
How to design an optimal upsampling strategy being able to balancedly combines local information (finely patterned features) with
global context (semantically rich features) acquired from shallow-to-deep layers of the backbone CNN?

To address this, Fully Convolutional Network (FCN) [28] - the pioneering model of end-to-end trainable segmentation
architecture - utilized skip-connection mechanism to fuse contextual information captured from middle- to high-level lay-
ers. Accordingly, to resolve existing drawbacks as well as improve the segmentation performance, numerous efforts have
been made in the literature. In terms of network topology, there are two major groups, i.e. symmetrically-
[1,31,20,25,34,27,29,21,3,26] and asymmetrically-structured [23,7,43,38,44,45,24,42,39,40,11] frameworks as shown in
Fig. 1a and 1b, respectively.

Regarding the upsampling strategy, Fig. 1a (i.e., symmetrically-structured network group) conceptually shows that only the
lowest-resolution feature map inferred from the backbone CNN is upsampled step-wisely to form into the highest-resolution
prediction map. In addition, during this progress, all the intermediate upsampled features are refined by counterparts
learned at encoding stage via certain combination mechanisms. Note that the whole structure of this approach can be also
referred to as a U-/Ladder-shaped architecture. Similarly, demonstration of the asymmetrically-structured network group in
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Fig. 1. Conceptual diagrams of (a) symmetrically-structured network, (b) asymmetrically-structured network, and (c) the proposed Bracket-structured
network. Spatial and channel dimension of the feature maps are represented by corresponding perimeter and border thickness, respectively.
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Fig. 1b delivers the same idea in which the decoding process initiates from the coarsest feature map for further spatial pyra-
mid pooling and upsampling steps. It can be observed from these architectures that feature maps obtained at middle layers
of the backbone CNN are not utilized significantly. Clearly, they just perform a single role of excluding contextual ambiguities
from the corresponding upsampled versions in the symmetrically-structured group. Meanwhile, they even contribute nothing
during the decoding stage in the asymmetrically-structured group.

Accordingly, motivated by the fact that the middle-level features are not exploited thoroughly in the existing work, this
paper proposes a Cross-Attentional Bracket-shaped Convolutional Neural Network, namely CAB-Net, to leverage their con-
tributions to the process of retrieving final pixel-wise prediction map. In concrete, we hypothesize that each middle-level
feature map keeps a reasonable balance between fine-grained details and semantic information, which is capable of simul-
taneously refining pixel-wise context of coarser-resolution feature maps and eliminating ambiguities existent at finer-
resolution versions. Hence, as conceptually depicted in Fig. 1c, not only the coarsest one, every feature map of interest (ex-
cept for the one with highest spatial dimension) is now upsampled and then combined with the adjacent higher-resolution
version to produce finer outputs. Continuously, these newly decoded features repeat the same procedure round-by-round
until shaping the final feature map of finest resolution. Notably, to strengthen the semantic contexts in the results of the
combination between two adjacent feature maps, we embed into the mergers a cross-attentional scheme inspired from
SENet [14]. Briefly, major contributions provided by this study are encapsulated as below:

e We propose a Bracket-shaped CNN to leverage the exploitation of middle-level feature maps by exhaustively pairing adja-
cent ones through attention embedded combination modules. Such routine repeats round-by-round until the final pre-
diction map of densely enriched semantic contexts is retrieved.

o We define an effective approach of combining two neighboring feature maps having different resolutions by adopting a
cross-attentional fusion mechanism, namely CAF module. The major objective is to properly fusion semantically rich
information (of the lower-resolution inputs) with finely patterned features (of the higher-resolution versions) for the
outputs.

e We train and evaluate the proposed architecture on popular semantic segmentation datasets including PASCAL VOC 2012
[10], CamVid [4], and Cityscapes [9], on which the performance is competitive with well-known deep learning models in
the literature.

It is worth noting that compared to the existing work [16], this paper offers four remarkable activities: (i) utilizes ResNet-
101 [13] instead of VGG-16 [33] as the backbone CNN to extract more informative features for the decoding stage; (ii) intro-
duces the powerful CAF module which suits the proposed Bracket-shaped network more reasonably than the counterpart in
[16]; (iii) provides in-depth analyses on the Bracket structure’s capability of leveraging information from middle-level fea-
tures; and (iv) experiments with larger-scale datasets for a more comprehensive evaluation.

The rest of this paper is organized as follows. The review of related work utilizing deep learning is detailedly given in Sec-
tion 2. Next, Section 3 describes the proposed CAB-Net thoroughly. Afterwards, evaluation on benchmark datasets and cor-
responding discussions are elaborated in Section 4. Finally, this work is concluded in Section 5.

2. Related work
2.1. Symmetrically-structured networks

Models belonging to this group mainly follow the framework of symmetric encoder-decoder. Conceptually, backbone
CNN s pre-trained on large-scale dataset for classification are often utilized as the encoder for gradually extracting from local
to global features. Subsequently, the decoder is constructed in layer-wise reversed manner based on the encoder’s inherent
architecture to progressively integrate semantic contexts into local details in the final per-pixel segmentation map. It is obvi-
ous that involving extracted features at the encoding stage to the upsampling process at the decoder can significantly boost
the pixel-wise labeling performance.

Typically, SegNet [1] made use of max pooling indices from pooling layers at the backbone VGG [33] to directly locate
pixels of lower-resolution feature maps in the corresponding upsampled versions. Then, the convolution layers with specific
settings same as the counterparts at the encoder are subsequently applied. This strategy enables important features to be
sustained throughout the network but clearly ruins the correlation between neighboring pixels.

Meanwhile, for the purpose of maintaining localization precision while being able to learn meaningful contextual infor-
mation, various combination styles between corresponding feature maps at the decoder and encoder in the upsampling pro-
cess were introduced. They can be either simple concatenation technique as in U-Net [31] or specialized modules as in G-
FRNet [20] and GFF [25]. These schemes are shown to yield promising performance in many benchmarks but require high
footprint for training due to large depth-sized tensors. Accordingly, Tian et al. [34] defined an efficiently data-dependent
upsampling scheme to reduce the necessity of exhaustively involving high-dimensional features in the backbone CNN during
the decoding process.

On the other hand, instead of concatenation, Feature Pyramid Network [27], SwiftNetRN-18 [29] and LDN [21] introduced
a Lateral Connection Module (LCM), wherein an upsampled feature map is element-wisely added to the corresponding ver-



280 C.-H. Hua et al./Information Sciences 539 (2020) 277-294

sion extracted from the encoder before being fed into learnable convolution filters. This module is executed step-by-step
until forming the final prediction map. Also based on the core of pixel-wise summation, Bilinski et al. [3] proposed the
scheme of Dense Decoder Shortcut Connections (containing Encoder Adaptation, Fusion, and Semantic Feature Generation
modules) to enhance meaningful contexts captured from features at multiple scales. Similarly, RefineNet [26] further took
into account additional refinement units (consisting of Residual Convolution Unit and Chained Residual Pooling) to comfort
the training process and acquire global contextual information accurately.

2.2. Asymmetrically-structured networks

Deep learning models categorized into this group contain a specialized upsampling strategy for aggregating contextual
information from multiple strides without involving multi-level feature maps of the encoder.

Typically, attaching Recurrent Neural Network (RNN) to the pretrained CNN is an alternative way since the RNN can
robustly represent the dependencies of pixel-level information with respect to global context through an evolutionary pro-
cess of learning from hidden states. In concrete, RLS [23] presented the series of densely horizontal-vertical sweeping and
level set method, respectively, for such evolutionary learning strategy.

Concurrently, there is another suggestion that equipping each neuron with a larger field of view on lower-level feature
maps enables the semantically rich information to be captured more effectively without sacrificing spatial resolution abun-
dantly. Thus, recently proposed models like DeepLab [7], FSSNet [43], DenseASPP [38], PSPNet [44], and SSPP-ES [45] utilized
dilated (atrous) convolution layers, which have larger receptive field but similar amount of trainable weights compared to
those of the original versions. Subsequently, aggregating the extracted features learned from various dilation rates, so-called
spatial pyramid mechanism, is the key factor earning impressive segmentation performance in these networks.

On the other hand, to avoid facing the complicated padding issue caused by the dilated convolution, a depth-wisely atten-
tional mechanism in PAN [24], EncNet [42], BiSeNet [39], and DFN [40] is additionally exploited along with their hybrid
architectures. In specific, PAN [24] introduced a Global Attention Upsample module, wherein average spatial-based pooling
is applied to the features acquired at high-level layers of the encoder. Furthermore, Zhang et al. [42] took advantages of dila-
tion approach as well as attention scheme to design an EncNet, which is composed of (i) a backbone CNN with dilated con-
volutions for extracting features and (ii) a Context Encoding for embedding semantic details back into the encoded features,
to accurately classify every pixel. Besides that, a similar two-stream approach called BiSeNet [39] is introduced in the liter-
ature. It consists of cost-efficient Feature Fusion and Attention Refinement Modules in the main and auxiliary context paths,
respectively, for the improvement of both accuracy and inference speed. Meanwhile, DFN [40] was proposed to enhance con-
sistent appearance of segmented objects, for which Channel Attention Blocks were designed to re-weight feature responses
of the finer-resolution maps by semantically richer context in the adjacent coarser ones. Furthermore, DANet [11] applied
both spatial- and channel-based attention schemes onto the deepest-level feature map in parallel, of which the outputs
are summed for subsequent learning layers followed by a final softmax classifier.

In this study, for jointly learning valuable information from the adjacent feature maps, we adopt not only the channel-
wisely but also the spatially attentional blocks to seamlessly combine semantically rich context with finely patterned fea-
tures while ensuring an effective training process. Notably, our work utilizes the two types of attention mechanism in cross-
ing manner for the connections between all-level features along the decoding stage, which is different from the
aforementioned DANet [11].

3. Proposed methodology

This section delivers details of the proposed CAB-Net, with corresponding demonstration in Fig. 2, for semantic segmen-
tation as follows. We firstly elaborate the decoding process of Bracket-shaped structure for generating the pixel-wise pre-
diction map. Then, an in-depth description of the proposed CAF module that combines two adjacent feature maps of
interest is delivered.

3.1. Bracket-shaped Convolutional Neural Network

It is worth noting that the proposed Bracket-shaped decoder can be easily fitted to any classification-based CNNs. In this
paper, we employ ResNet-101 [13] pretrained with ImageNet dataset [32] as the default backbone CNN (encoder) of the pro-
posed architecture in Fig. 2 to extract meaningful features from the inputs. Accordingly, four encoded feature maps of spe-
cialized convolution blocks are taken into account for the Bracket-shaped decoder. Note that spatial resolution of these
features is reduced by half (i.e., they have strides of 4, 8, 16, and 32, respectively) while their channel dimension gets sig-
nificantly deeper after each convolution block along the feedforward process. To be convenient, the selected features are
respectively named convmap-1 (with spatial size having stride of 4 compared to that of the original input and depth of
d1), convmap-2 (8 and d2), convmap-3 (16 and d3), and convmap-4 (32 and d4) as manifested in Fig. 2.

Next, every of those feature maps, except for the finest-resolution one (i.e., convmap-1), combines with the adjacent
higher-resolution version through the CAF module to generate an output having same dimension as that of the latter. In
other words, the utilization of all the middle-level feature maps (e.g., convmap-2 and convimap-3) is leveraged since each
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Fig. 2. Architecture of the proposed CAB-Net. Given an input image fed into the backbone CNN containing series of predefined convolution blocks, final
outputs of these blocks have strides of 4, 8, 16, and 32, respectively. Subsequently, these chosen feature maps (namely convmap-1, convmap-2, convmap-3,
convmap-4) are utilized in the decoding process for pixel-wise labeling. In brief, these fine-to-coarse feature maps (represented by black arrows) are densely
combined via the Cross-Attentional Fusion modules to produce outputs, which continuously pass through the same procedure until one final prediction
map is retrieved. As for the obtained segmentation map, every pixel is assigned an object class within the predefined number of training classes. Since every
inferred feature map fuses with its adjacent finer-resolution map at each round and the total number of feature maps decreases by one round-by-round,
such process is named Bracket-shaped network. Note that the symbol {x,d} attached to each arrow indicates the corresponding feature map having stride
of x (i.e., its spatial dimension is 1/x as large as that of the input image) and d channels. Meanwhile, x = - (dash) means that the spatial size equalsto 1 x 1.
Besides that, ‘T. Conv.” and ‘Sep. Conv.’ stand for Transpose and Separable Convolution layer while ‘Spa. Att." and ‘Cha. Att.’ represent Spatially and Channel-
wisely Attentional blocks, respectively. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this
article.)

one simultaneously plays two roles, i.e., (i) integrating global context at a certain level to the final prediction map by upsam-
pling itself, and (ii) refining semantically richer information of upsampled version of the adjacent coarser-resolution map by
embedding its finer patterned features. Hence, it is clear that given n encoded feature maps chosen from the backbone CNN,
such connection style infers n — 1 outputs at the first round of the proposed Bracket-shaped decoder. Subsequently, as such
routine iterates, total number of semantic feature maps decreases by one while average spatial dimension increases round-
by-round until the final pixel-wise prediction map is retrieved.

In specific, let F} be the i feature map at r' round, wherei=1,...,n—randr =0,...,n — 1. Note that i = 1 indicates the
feature map having highest resolution and i = n — r corresponds to the lowest. Accordingly, F! refers to as convmap-1 and F§

corresponds to convmap-4 at the initial 0™ round as presented in Fig. 2. Then, the feature maps of next rounds are contin-
uously determined by

Fl=C(F 1 FI ], r=1 1)

i+1

where C(.) is the CAF module, which is fully depicted at Section 3.2. It is obvious that until the (n — 1) round, the final pre-
diction map containing finely patterned features fulfilled by semantically rich context is acquired.

Fundamentally, there are two apparent advantages of using the Bracket structure: (i) missing or ambiguous details are
suppressed significantly since every upsampled feature map is always refined by the equivalent-sized version of finer-
grained information; and (ii) semantically rich information is densely enhanced in the final per-pixel segmentation map
because such upsampling plus dense mixture strategy is applied for all fine-to-coarse feature maps at all rounds during
the decoding stage.
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3.2. Cross-attentional fusion module

Obviously, the ultimate purpose of the upsampling process in a semantic segmentation architecture is to ensure that
visual details in the upsampled version of certain coarse-resolution feature map are capable of bearing the semantic infor-
mation reasonably. To achieve this, refining local ambiguities appearing in the upsampled ones by effectively involving well-
representational knowledge in the corresponding encoder’s feature maps plays a critical role in many model designs.

To efficiently coordinate with the capability of the proposed Bracket-structured decoder, we define the CAF module built
upon the attentional mechanism (inspired from Refs. [6,14]) followed by Separable Convolution (Sep. Conv.) layers [8] as illus-
trated in the copper circle in Fig. 2. Concretely, each CAF unit comprehensively exploits contextual information from the two
inputs of different scales by Channel-wisely Attentional (Cha. Att.) and Spatially Attentional (Spa. Att.) blocks. The former
depth-wisely re-weights the lower-level features of the higher-resolution input by using semantically richer features of
the lower-resolution counterpart. The latter spatially re-calibrates features of the upsampled lower-resolution input by uti-
lizing finer patterns of the higher-resolution one. As a consequence, fusioning the acquired cross-attentional information can
infer fruitful feature maps for the dense prediction.

The first block (a.k.a., Cha. Att.) is executed according to the fact that the coarser and deeper feature map possesses much
more informative context along the depth dimension than the finer and shallower one does. Therefore, it is beneficial to the
final performance when conducting the impact of that channel-wise semantic information on the fine-grained features in
feedback-like manner. To address this, we employ a depth-wise calibration strategy inspired from the attention mechanism
in Ref. [14] as demonstrated in Fig. 3a. It is worth noting that the DFN [40] also adopts such scheme. Specifically, all feature
responses are re-weighted through a step of cross-channel learning on the global pooling information, which is acquired
from the considered feature map itself [ 14] or that concatenated with the adjacent scale [40], a.k.a. self-attention. Differently,
our approach collects informative attributes across channels of the lower-resolution input only in order to depth-wisely
enhance corresponding responses of the higher-resolution one, a.k.a. cross-attention. As shown in Fig. 3a, each channel of
the coarser-resolution input, of which the spatial and depth size are ;. as large as that of the original image and d respec-

tively, is averaged spatially to form a vector having length of d. Accordingly, this vector, namely g € R?, compactly carries
reasonable information in channel-wise manner as follows

g=[gF),...gFh) 2)

where g,(.) is the Channel Pool operation taking place on d™ channel of a considered feature map f, of which the correspond-
ing formulation is

_ 1 HW, .
gd(Fz‘rﬂl) = WZZFHW@ (3)

h=1w=1

where (h, w) indicates pixel coordinates of the considered feature map F}, having spatial resolution of H x W. Conse-

quently, every channel of the lower-resolution input has its own representative response in the d-length vector g. Next,
to correspondingly express the relative importance degree of each channel onto that of the higher-resolution input, we firstly
filter the vector g by two Fully Connected (FC) layers with ReLU activation in the middle so as to learn cross-channel relation-

s it 1
EECTEEM | mrwnd  pwe  gwm

(a) Channel-wisely Attentional (Cha. Att.) Block
x 1} x, 1}

o 7x7 Con.| T e

(b) Spatially Attentional (Spa. Att.) Block

Fig. 3. Details of operators in attentional schemes, i.e., ‘Spa. Att.” and ‘Cha. Att.". Note that ‘FC’ stands for Fully Connected layer and ‘7 x 7 Conv.” indicates one
Convolution layer having kernel size of 7 x 7.
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ships. Notably, the size of applied hidden layers is set to be identical to the number of the higher-resolution input’s channels.
These learning operations are equivalent to the following equation

8 = Wffz (ReLU(Wfflg + chl )) + Bsz (4)

where {Wp, € Rgx‘j, By, € Rg} and {Wp, Rgxg,BfCZ € Rg} are learnable parameters of the first and second FC layers, respec-
tively, and g, is the yielded channel-wise attention feature vector of ¢ length. Then, the Sigmoid activation ¢ (.) is utilized
to rescale values of elements in the vector g, within the range from 0 to 1. Subsequently, the resulting channel-wisely atten-

d

€ R¥*2Wx¢ in depth-wise manner as

tional features are used to modify the responses of the higher-resolution input Fj~'
below
Pl = {F ., 0 0@a 10 =1,...¢} (5)

lca ’c

where ® symbolizes the element-wise multiplication and F_' € R* *2Wx¢ is the channel-wisely attentional version of F/ .

The second block (a.k.a., Spa. Att.) is utilized based on the fact that higher-resolution input possess finer spatial patterns,
which is profitable for the refinement of local details in the upsampled version of the lower-resolution input. Therefore, we
opt for expressing important spatial features of the finer-resolution input into the upsampled partner in the CAF module
through a spatially-attentional block exhibited in Fig. 3b. In particular, the finer-resolution input F/~! ¢ R2H2Wxt is fed into
a Spatial Pool operation, in which responses at every pixel (h,w) are averaged across channel dimension as follows

d
-1 € prt
Firsp hw azFlr hwz (6)
z=1
wherein Fj' € R**?"*1 is the corresponding output of this operation. Subsequently, one trainable Convolution layer having

kernel size of 7 x 7 with padding of 3, namely W>,,, followed by the Sigmoid activation a(.) is adopted to quantify the locally
spatial dependencies as below formulation
Fi.l = 0(Wy.7 «Fi') (7)

where * and W;,.; € RU7*71

respectively, and F/_' € R¥*2W1 is defined as the spatially attentional features. It is worth noting that this one-channel

1577

represent the convolution operator and learnable parameters of the above-mentioned kernel,

map is then repeated by ¢ times to be same depth size as that of the higher-resolution input of the CAF module. Simultane-
ously, the lower-resolution input F!,] is upsampled into F,-’u” using the Transpose Convolution (T. Conv.) layer having stride of
2 and the number of filters identical to channel dimension of the higher-resolution input. Notably, as shown in Fig. 2, given d
as the channel size of the lower-resolution input, then that of the higher-resolution one is c times smaller. The upsampling
operation can be expressed as below

F/ ' = upsample(F{.]) = W,+"F[.{ + B, (8)

i+1 i+1

where «* is fractionally-strided convolution operation, W, € R®*3*¢ corresponds to trainable weights in ¢ transposed con-

volution filters having size of 3 x 3 x d, and B, € R? stands for trainable biases. Finally, from (7) and (8), the spatially atten-
d

€ R#2W-¢ is obtained by multiple operations of

tional version, denoted as Fi_', of the originally upsampled map Fj'
Hadamard product as follows

Fo :{F{u’l:‘:ﬁ@F-”l\é: 1,...,%} 9)

isq 1577

To this end, both semantically rich information and finely patterned features are exhaustively exploited in cross-
attentional manner, i.e., F,-:] and F{;l, respectively. The next step is to integrate them by a simple pixel-wise addition
scheme, of which the total result is continuously fed into the Sep. Conv. as follows

F/ = W« ReLU(F/,' @ F[. 1) (10)

where @ signifies the element-wise addition, Wy = {Wys € R%”“,Wpf € R&“11*€} denotes the sequential execution of d
depth-wise convolution filters with 3 x 3 size and ¢ point-wise convolution filters with 1 x 1 x 4 size. It is also worth noting
that the Sep. Conv. layer defined in this CAF module includes three consecutive operations, i.e., ReLU activation, Sep. Conv.,
and Batch Normalization layer [19] (which was not shown in (10) for simplicity). Obviously, compared to using the normal
3 x 3 convolution, such kind of filter can reduce the number of trainable parameters per layer from ¢x 3 x 3 x ¢ to
4(3 x 3 +49) while effectively maintaining the capability of shrinking unexpected artifacts appearing in such decoding pro-
cess. Remarkably, we have also found that additionally taking the fusion in (10) with F{~' and F{u" is not necessary due

to trivial performance improvement while being subject to more computation.
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In a nutshell, instead of simply adding upsampled version of the coarser input to the naive finer-resolution one (which
may hinder the precise integration of semantically rich features into spatial dimension), taking into account the proposed
CAF module can improve the efficiency of context acquirement and corresponding pixel-wise localization.

4. Experiments

In this section, the proposed CAB-Net is intensively experimented on PASCAL VOC 2012 [10], CamVid [4], and Cityscapes
[9] datasets to show its effectiveness for applications of vision-based object localization and autonomous driving, to name a
few, in the industry. Particularly, we introduce the benchmark datasets at first, then provide details of training configura-
tions, and finally discuss the experimental results of the ablation studies and comparisons with the state-of-the-art methods.

4.1. Benchmark datasets

4.1.1. PASCAL VOC 2012 [10]

This dataset aims to represent 20 semantic object categories common in real world (i.e., groups of person, animal, vehicle
and indoor context). Originally, there are 1464 training, 1449 validation, and 1456 testing images of various sizes in this
challenge. Moreover, we follow the procedure of [28,1] wherein additional annotations from Semantic Boundaries Dataset
[12] are included for increasing the total number of training images to 10,582. Afterwards, the proposed CAB-Net is further
fine-tuned with the original training plus validation set before being benchmarked by the test set on a designated testing
server.

4.1.2. CamVid [4]

The name of this dataset stands for “Cambridge-driving Labeled Video Database”. It is the collection of various road sce-
nes recorded in 10 min by a dashboard camera, which acts as the eyes of an autonomous car. Accordingly, all 701 obtained
720 x 960 video frames are pixel-wisely labeled given 32 semantic categories. However, to be comparable with previous
work, our experiment uses the split of 367 training, 101 validation and 233 testing images with 12 finalized ground-truth
labels to evaluate the proposed model.

4.1.3. Cityscapes [9]

This dataset also represents things that an autonomous car should ‘see’ for understanding urban street scenes semanti-
cally. It offers a large pool of 5000 and 20,000 1024 x 2048 images with fine and coarse annotations, respectively, corre-
sponding to 19 semantic classes through a 50-city itinerary. In this paper, only the set of fine annotations with 2975
training, 500 validating, and 1525 testing images is utilized for the evaluation of the proposed CAB-Net.

4.2. Training configurations

In this work, the proposed CAB-Net is trained using PyTorch framework [30] with two NVIDIA GTX 1080Ti GPUs. The
training images are augmented by following strategies: scaling with random factor in {0.5, 0.75, 1.0, 1.25, 1.5, 1.75}; random
cropping to pre-specified size (513 x 513 for PASCAL VOC 2012, 360 x 480 for CamVid, and 768 x 768 for Cityscapes); ran-
domly horizontal flipping; and channel-wise normalization with zero mean and standard deviation of one. Besides that, ran-
dom Gaussian noise and rotation in [-10°, 10°] are further involved in experiments with PASCAL VOC 2012. Moreover,
weight decay coefficient is set to 1e — 5 for promoting the proposed model’s generalization capability. Note that we use
the batch size of 12, 16, and 6 for PASCAL VOC 2012, CamVid, and Cityscapes, respectively.

About the backbone CNN, we apply the powerful ResNet-101 [13] as mentioned before. Concretely, final outputs of the
1st, 2nd, 3rd and 4th residual blocks (with d1 = 256, d2 = 512, d3 = 1024, d4 = 2048, respectively) are taken into account for
the decoder.

Then, we adopt the optimization strategy of Chen et al. [7] to minimize the total softmax loss with respect to the CAB-
Net’s parameters. In short, stochastic gradient descent with momentum of 0.9 is applied together with the ‘poly’ learning

rate decay schedule, wherein learning rate at the i iteration equals to the initial learning rate (which is set at 0.01 in this

max;

0.9
work) multiplied by (l - —) . Correspondingly, pretrained weights of the backbone network are fine-tuned with the con-

temporary learning rate multiplied by 0.01.

Finally, we train the CAB-Net with PASCAL VOC 2012, CamVid, and Cityscapes in 50, 500, and 250 epochs, respectively.
The mean Intersection of Union (mloU) metric is used for performance evaluation. In particular, let us denote p,, as the pixel
belonging to ground truth label x is predicted to be of label y, and L as the total number of labels, the mloU is determined by

mloU = LZ

Zy 1pxy+2y 1pyx p)oc
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Moreover, a multi-scale test strategy is conducted for the final comparison with the state-of-the-arts, which also report
their experimental results applying the same procedure. In concrete, every original test image and its variously scaling (i.e.,
with factors of {0.5, 0.75, 1.25, 1.5, 1.75} compared to the original size) and horizontal-flipping versions are fed into the built
network. The final prediction scores are then averaged from those of all the obtained outputs. Compared to the single-scale
test approach, the multi-scale one is capable of boosting mloU by 1.0-3.5% approximately depending on the dataset as
reported in Tables 3-5, but trading off a much more expensive computation.

4.3. Ablation Study

For the ablation study, we use the training plus augmentation (10,582 images) and validation (1449 images) sets of PAS-
CAL VOC 2012 for the evaluation. In this section, we firstly study how the channel-wisely and spatially attentional mecha-
nisms coordinates with the Bracket-shaped architecture. Next, we examine the impact of backbone CNNs with various
capacities on the segmentation performance. Finally, we demonstrate how the proposed CAB-Net represents semantic
details along the decoding process through the visualization of manifold feature maps.

4.3.1. The coordination between Bracket-shaped Network and CAF-based Connections for leveraging middle-level features

Let’s consider a middle-level feature map F} (with 1 < i < n —r,Vr) which plays different roles in two adjacent CAF mod-
ules because of the Bracket-shaped connection manner, i.e., the lower-resolution input of C;(F{_;,F;) and the higher-
resolution input of C>(F{,F},;). In the CAF block C;,F contributes its finer representation via the learnable T. Conv. layer
and the depth-based semantic information via the channel-wisely attentional mechanism to be adjusted by and re-
calibrate the remaining input F_,, respectively. Meanwhile, in the CAF module Cs, F] takes a reversed role in which its finely
patterned features and neural units are employed to spatially refine and be re-calibrated in depth-wise manner by the part-
ner F| ,, respectively. Consequently, each middle-level feature map is exhaustively exploited as both roles of coarser- and
finer-resolution features for comprehensively embedding semantic into fine-grained details on the tournament of inferring
the final pixel-wise prediction map.

We quantitatively prove the advantage of cross-attentional mechanism in the Bracket-style decoding procedure by val-
idating various settings in Table 1. Compared to the baseline combination, performance improvement introduced by the
embedded attentional mechanisms is considerable with 1.13% for spatial-based and especially 2.72% for channel-based
attentions. Furthermore, by combining these two attention types in crossing manner, the mloU is further elevated by
1.0% approximately. This implies the powerful coordination between Bracket-structured network and the CAF-based con-
nections for leveraging the capability of embedding semantically contextual information into finely patterned features.

Moreover, from the reported number of parameters in Table 1, it can be realized that the utilization of one simple 7 x 7
convolution kernel in each Spa. Att. block has nearly no impact on the model complexity. Meanwhile, employing FC layers in
Cha. Att. modules increases the number of trainable parameters by approximately 15.8% due to large channel size of pro-
cessed tensors. Obviously, it is worth trading off such minor complexity increment for an overall mloU improvement of
3.64%, which is significant in the semantic segmentation problem.

4.3.2. The contribution of backbone CNN to final performance

To this end, we further exploit the contribution of backbone CNN to the final performance in terms of mloU. Specifically,
VGG-16 [33] and Xception-65 [8] are utilized as an alternative to our main backbone ResNet-101 [13]. Besides that, the shal-
lower version, i.e., ResNet-50, is included in this experiment for providing further insights into the impact of varying-deep
features on the pixel-wise segmentation performance.

In general, the more capacities an architecture has, which means superior representations of deep features are achieved,
the better the segmentation performance in terms of mloU gets. As reported in Table 2, the gap of mloU between employing
ResNet-101 and VGG-16 as the backbone CNN rises to 5.13%. Correspondingly, the model complexity is enlarged as the total
number of trainable parameters increases, which is determined by two major factors, i.e., backbone CNN’s capacity and
depth sizes of the feature maps involved to the Bracket-shaped decoding stage. The former is enumerated in the fourth col-
umn of Table 2. It is worth noting that despite possessing more layers than those in ResNet-50, Xception-65 has fewer train-
able parameters thanks to the full usage of Sep. Conv., which is more cost-efficient that the conventional version as described
in Section 3.2. Regarding the latter, information of considered channel dimension is given in the second column of Table 2,

Table 1
mloU (%) on Pascal VOC 2012 [10] validation set and number of parameters with various settings of attentional mechanism.
Settings mloU (%) No. parameters
Cha. Att. Spa. Att.
76.73 33.66M
v 77.86 33.66M
79.45 38.97M

X\

I 80.37 38.97M
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Table 2

mloU (%) on Pascal VOC 2012 [10] validation set and number of parameters with different backbone CNNs.
Backbone CNN Depth sizes {d1, d2, d3, d4} mloU (%) No. parameters

Backbone Bracket Total

VGG-16 [33] {128, 256, 512, 512} 75.24 14.72M 7.13M 21.85M
Xception-65 [8] {128, 256, 728, 2048} 77.96 20.81M 21.06M 41.87M
ResNet-50 [13] {256, 512, 1024, 2048} 78.27 23.51M 38.97M 62.48M
ResNet-101 [13] 80.37 42.50M 38.97M 81.47M

{d1, d2, d3, d4}: Depth sizes of backbone CNN’s feature maps involved to the Bracket-shaped decoding process (abbreviated as ‘Bracket’ in the fifth column).

from which those retrieved from ResNet have largest sizes compared to the counterparts. This leads to the increment of more
hidden nodes and convolution kernels for FC and Sep. Conv. layers, respectively, in the CAF modules. Therefore, applying
ResNet as the backbone CNN results in a much larger number of learnable parameters in the Bracket-structured decoding
process (more than 1.85 times compared to the others) as well as the whole architecture (more than 1.5 times) accordingly.

However, as aforementioned that semantically-rich details are essentially encoded in channel-wise manner, the deeper
features acquired from ResNet are capable of contributing more generalized and informative context to the decoding step
than those of VGG or Xception. In addition, since the proposed Bracket-shaped decoding procedure exhaustively involves
such varying-scale feature maps through multiple rounds, depth-wisely representational abilities of those features are
marked as strongly influential attributes benefiting the final segmentation performance. Consequently, it can be observed
from Table 2 that employing ResNet-50 as the backbone network introduces a slightly better mloU (despite fewer layers)
while the 101-layer version improves by 2.41% (which is significant in this domain) in comparison with the usage of
Xception-65.

4.3.3. Representation of feature maps with respect to different attentional schemes

In this part, we introduce the visual representation of key feature maps for semantic segmentation, comprising F}, F3,
and F3, with respect to different attentional schemes. Given an image fed into the proposed CAB-Net, responses in the chosen
features are averaged over corresponding channel dimension. Then, those pixel intensities are scaled to the range of [0, 255]
as illustrated by two example cases in Fig. 4.

Clearly, since F] is only decoded by low-level semantic information (from F$ and F)) in our CAB-Net, using naive upsam-
pling followed by element-wise fusion still results in ambiguous features for next rounds. In contrast, applying any atten-
tional mechanisms initializes more meaningful focuses (with high pixel intensities) on object details as shown in the last
three rows in the first and fourth column of Fig. 4. Then, in the second round, features F3 inferred by the non-attention strat-
egy (first row in Fig. 4) continue to hardly manifest the regions of interest. Although the Bracket-shaped network structure is
able to smoothly embed semantically rich features to spatial context round-by-round, the representation of predefined
object categories is still not optimal.

Accordingly, the utilization of spatially and channel-wisely attentional modules has strengthened the capability of
expressing vital features and diminishing trivial ones. On the one hand, using Spa. Att. is able to precisely orientate the
expressiveness while effectively maintaining spatial context as shown in F} and F? (see third row compared to those in
the second and fourth rows). On the other hand, involving Cha. Att. blocks can leverage the contribution of semantic details
encoded along depth dimension, which plays an important role for class discrimination. However, as can be observed from
F3 in the third and fourth rows of Fig. 4, Spa. Att. blocks face difficulty of distributing semantically rich features (of which the
pixels should have high intensities) over space. Meanwhile, Cha. Att. blocks show its weakness in highlighting extracted spa-
tial features.

Finally, with the proposed cross-attentional scheme described in Section 3.2, the advantages of both Spa. and Cha. Att.
modules are comprehensively combined for better differentiation and localization of objects’ features. In specific, feature
maps in the last row of Fig. 4 perform the best coordination between semantically rich features and corresponding spatial
context. For instance, compared to the counterparts, semantic features of the horse’s body in the right F? are expressed and
localized more impressively, which leads to better representation of attentional responses in the subsequent F3.

4.4. Comparison with state-of-the-art methods

4.4.1. PASCAL VOC 2012

The experimental performance on test set is quantitatively reported in Table 3. It can be observed that the proposed
approach achieves competitive mloU of 83.6% compared with that of the state-of-the-arts. Regarding the class-wise results,
our CAB-Net attains the top performance with significant margin (up to 3.7%) for 11/20 semantic objects ranging from small
to large scale. Meanwhile, state-of-the-art results of the remaining labels are shared between deep models applying dilated
convolution-based operators such as EncNet [42], PSPNet [44], and WideResNet [37]. Another noteworthy methodology
called Tree-structured Kronecker CNN (TCKN) [36] adopted Kronecker product as the custom convolutional layers, which
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Fig. 4. Representation of key feature maps (i.e., F1, F2, and F3 from left to right) extracted by our CAB-Net with respect to different attentional schemes.
Note that the responses presented in the feature maps are averaged over the depth dimension. Top row: example raw images in PASCAL VOC 2012 [10]
validation set and a color-intensity indicator; 2nd row: no Cha. Att. and Spa. Att.; 3rd row: only using Spa. Att.; 4th row: only using Cha. Att.; and last row:
applying both Cha. Att. and Spa. Att. in the connection blocks. (For interpretation of the references to color in this figure legend, the reader is referred to the
web version of this article.)

nails the second-best overall performance in Table 3. Differently, by employing the Sep. Conv. layers under the unique
Bracket-shaped structure, the proposed model is able to give superior achievements over those networks. In specific, the
exhaustive employment of middle-level features during the inference process is able to continuously refine the integration
of semantic context to high-resolution representation. As a consequence, the details of various scales are managed more effi-
ciently. Besides that, thanks to the cross-manner operation of multiple CAF blocks along the bracket-style decoder, the pro-
posed architecture outperforms the DANet [11] (which uses dual attention applied only to the highest-level feature in
parallel fashion) by 1.0%, which is significant in such a competitive semantic segmentation topic.

Moreover, typically visual results exhibited in Fig. 5 have shown the effectiveness of the CAB-Net in partitioning multiple
categories of different scales. Additionally, compared to the outputs introduced by B-Net-VGG-LCM [16], the proposed net-
work can reason better pixel-wise labeling performance, especially the bird and chair classes. However, our model still fails in
precisely segmenting objects which contain interior gaps (void labeled regions in ground-truth map) such as the light-brown
chair and the horse’s body parts overlapped by fence in the fourth and fifth rows of Fig. 5, respectively. In addition, a very
small-sized airplane located at right side of the input image in the first row is not segmented in the prediction map. We
argue that the largest-resolution feature maps involved in the proposed decoding procedure have stride of 4 is the major
reason for several improper representations of those small spaces for complete scene learning. Accordingly, taking into
account features with stride of 2 may bring in finer details for better local context learning. Nevertheless, such approach
compromises on the usage of smaller mini-batch size during training due to higher number of operations and model com-
plexity, which subsequently makes the overall performance even worse.

4.4.2. CamVid
It can be observed from the Table 5 that the proposed CAB-Net obtains state-of-the-art mloU of 76.4%. Regarding per-
class performance, our network reaches state-of-the-art class-wise IoU in 10 (building, tree, sky, car, sign-symbol, road, pedes-



Table 3

Comparison of per-class IoU and mloU (%) on Pascal VOC 2012 [10] test set. Boldface numbers indicate the best performance at each class.
Method aero bike bird boat bottle bus car cat chair cow table dog horse mbike person plant sheep sofa  train tv mloU (%)
FCN [28] 76.8 342 689 494 60.3 753 747 776 214 62.5 46.8 71.8 63.9 76.5 739 45.2 724 374 70.9 55.1 62.2
B-Net-VGG-LCM [16] 92.0 429 923 733 77.5 914 864 915 42.7 81.9 61.6 84.4 85.8 88.4 90.1 65.5 86.4 60.0 86.1 725 78.5
G-FRNet [20] 914 446 914 692 78.2 954 889 933 37.0 89.7 61.4 90.0 91.4 87.9 87.2 63.8 89.4 59.9 87.0 741 79.3
DDSC [3] (ss) - - - - - - - - - - - - - - - - - - - - 81.2
WideResNet [37] 944 729 949 6838 78.4 90.6 90.0 921 40.1 90.4 71.7 89.9 93.7 91.0 89.1 713 90.7 61.3 87.7 781 82,5
PSPNet [44] 91.8 719 947 712 75.8 952 899 959 393 90.7 71.7 90.5 94.5 88.8 89.6 72.8 89.6 64.0 85.1 76.3 82.6
DANet [11] - - - - - - - - - - - - - - - - - - - - 82.6
DFN [40] - - - - - - - - - - - - - - - - - - - - 82.7
EncNet [42] 94.1 69.2 963 76.7 86.2 963 90.7 94.2 38.8 90.7 733 90.0 92.5 88.8 87.9 68.7 92.6 59.0 86.4 734 82.9
TKCN [36] - - - - - - - - - - - - - - - - - - - - 83.2
CAB-Net (ss) 949 69.2 929 731 79.5 958 874 941 39.7 87.5 724 90.6 924 86.4 89.1 68.3 90.8 64.3 88.7 78.5 82.5
CAB-Net 960 75.6 943 69.1 79.9 97.1 89.8 948 404 91.2 74.6 89.4 94.7 87.2 91.7 69.6 92.1 65.5 88.8 76.9 83.6

ss: single-scale testing strategy;

-: no data recorded in the original work.
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Fig. 5. Several qualitative results on Pascal VOC 2012 [10] validation set. Left to right: original images, ground-truth labels, results of B-Net-VGG-LCM [16],
and our CAB-Net.

trian, fence, sidewalk, and bicyclist) out of totally 11 semantic labels. Remarkably, significant margins ranging diversely from
0.2% to 22.7% are gained at these categories in comparison with the corresponding second places. These achievements show
that the exhaustive utilization of middle-scale feature maps in terms of Bracket-structured manner can effectively embed
semantic information to the representation of medium- to small-sized objects (e.g., tree, pedestrian, sign-symbol) while pro-
viding precise annotations for large-sized ones (e.g., building, car). However, the segmentation performance for the pole label
is still lower than that of B-Net-VGG-LCM [16] by 6.5%. Apparently, due to the heavily imbalanced class issue, it is challeng-
ing to produce the performance higher than 50% for this category, even in the existing work. In addition, despite the fact that
feature maps with stride of 2 are also taken into account in Ref. [16] allows fine details like pole to be acquired more effec-
tively, the corresponding mloU is significantly lower than that of the proposed CAB-Net by 10%. This arguably implies that,
as discussed at previous sub-section, the involvement of too large-sized tensors during the decoding process should encoun-
ter the issue of training convergence and following non-optimal test performance.

Besides that, several visual results compared with those of B-Net-VGG-LCM [16] and the corresponding ground-truth
maps are illustrated in Fig. 6. Obviously, the proposed architecture is able to reduce the wrong labeling between truck (in

purple) and building (in red) as displayed in the 2™ row; sidewalk (in blue) and road (in magenta) as shown in the 1% and
3™ row, respectively. This infers that the discrimination between similar-sized objects is performed better thanks to the
usage of a more robust backbone CNN, the newly defined connection module called CAF and its powerful coordination with
the Bracket-style decoding structure.

4.4.3. Cityscapes

The quantitative and qualitative benchmark results of this dataset from the evaluation server are presented in Table 4 and
Fig. 7, respectively. The proposed CAB-Net achieves a competitive mloU of 78.3%, where the performance of semantically
recognizing motion objects like car, truck, bus, and motorbike is superior over that of the state-of-the-art methods by a large
margin (up to 1.4%). The performance of remaining categories, except for small-scale traffic light and sign symbol, has average
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Fig. 6. Several qualitative results on the CamVid [4] dataset. First row: original images; 2nd row: corresponding ground truth labeled maps; 3rd row:
results inferred by B-Net-VGG-LCM [16]; and last row: our CAB-Net.

lower IoU of 1.5% approximately in comparison with that of the state-of-the-arts such as PSPNet [44] and SSPP-ES [45]. Note
that the latter can be considered as an upgraded version of the former thanks to the supplementation of functional modules
like scale-aware spatial pyramid pooling, encoder mask, and scale attention [45]. Clearly, while these varying-rate dilated
convolution-oriented approaches can capture contextual information well for segmenting static things impressively, our
technique is more robust at tackling motion instances of different scales thanks to the comprehensive utilization of
middle-level features. In particular, despite facing the issue of handling very small-sized objects in high-resolution images,
the proposed cross-attentional mechanism still enables our model to reasonably locate diverse representations of medium-
to large-scale targets such as the moving instances. Simultaneously, with the dense combination scheme between the
decoded feature maps by the Bracket-structured network, the localization of those categories is continuously refined for
the optimal pixel-wise labeling as depicted in Fig. 7. Furthermore, compared to the sibling B-Net-VGG-LCM [16], our
CAB-Net, with the remarkable improvements in terms of backbone network as well as attentional connection scheme,
can label the objects more accurately (e.g., the representations of sidewalk category in the second row of Fig. 7).

4.4.4. Computational complexity

Finally, we compare the computational complexity in terms of inference speed and total number of parameters with sev-
eral existing methods belonging to both symmetrically- and asymmetrically-structured network families. In each group,
approaches with different ultimate objectives, i.e., focusing more on either labeling accuracy or inference rapidity, are
involved in the discussion. Accordingly, high-resolution images (1024 x 2048) in Cityscapes dataset [9] are taken into
account for this experiment, from which the comparison details are given in Table 6. The proposed CAB-Net is run on a Linux
0S-based desktop computer equipped with Intel® Core™ i7-7700 CPU at 3.6 GHz x 8, NVIDIA GeForce GTX 1080Ti GPU, and
32 GB RAM, which yields the inference speed of 13 frames per second (fps). Meanwhile, the B-Net-VGG-LCM [16] reaches 20
fps because channel sizes of the feature maps utilized from the backbone VGG-16 are considerably shallower.

Regarding the symmetrically-structured topology, both SegNet [1] and SwiftnetRN-18 [29] have faster segmentation
speeds of 4 and 26 fps than our model due to the employment of much lower-capacity CNNs, i.e., VGG-16 [33] and



Table 4

Comparison of per-class IoU and mloU (%) on Cityscapes [9] test set. Boldface numbers indicate the best performance at each class.

Approach road swalk build. wall fence pole tlight sign veg. terrain sky person  rider car truck bus train  mbike  bike  mloU (%)
SegNet [1] - - - - - - - - - - - - - - - - - - - 56.1
FSSNet [43] - - - - - - - - - - - - - - - - - - - 58.8
FCN [28] 97.4 78.4 89.2 349 44.2 47.4 60.1 65.0 914 69.3 93.9 77.1 514 926 353 48.6  46.5 51.6 66.8 65.3
DeepLab-CRF [7] 97.9 81.3 90.3 48.8 47.4 49.6 57.9 673 919 69.4 94.2 79.8 59.8 937 56.5 67.5 57.5 57.7 68.8 70.4
RefineNet [26] 98.2 83.3 91.3 47.8 50.4 56.1 66.9 713 923 70.3 94.8 80.9 63.3 94.5 64.6 76.1 64.3 62.2 70.0 73.6
BiSeNet [39] - - - - - - - - - - - - - - - - - - - 74.7
SwiftNetRN-18 [29] 98.3 83.9 92.2 46.3 52.8 63.2 70.6 758  93.1 70.3 95.4 84.0 645 953 63.9 78.0 719 61.6 73.6 75.5
B-Net-VGG-LCM [16]  98.4 84.8 92.4 55.1 55.5 62.1 71.7 763 933 71.4 95.0 85.1 67.9 956 60.5 72.0 624 67.3 74.9 75.9
DUC-HDC [35] 98.5 85.5 92.8 58.6 55.5 65.0 73.5 779 933 72.0 95.2 84.8 68.5 954 70.9 788  68.7 65.9 73.8 77.6
PSPNet [44] 98.6 86.2 92.9 50.8 58.8 64.0 75.6 79.0 934 72.3 95.4 86.5 713 959 68.2 79.5 73.8 69.5 77.2 78.4
SSPP-ES [45] 98.5 85.9 93.1 51.8 59.6 67.8 74.9 783 935 72.2 95.5 86.8 721 95.6 68.9 81.3 74.8 70.2 76.6 78.8
CAB-Net (ss) 98.3 834 92.3 52.2 54.8 62.0 70.8 754 933 70.9 95.2 85.1 684 954 65.4 80.3  80.7 67.7 73.7 77.1
CAB-Net 98.5 85.4 92.8 55.6 59.1 63.3 70.9 756 934 71.1 95.2 86.4 713 959 723 822 723 70.4 76.5 78.3

ss: single-scale testing strategy; —: no data recorded in the original work.
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Fig. 7. Several qualitative results on Cityscapes [9] validation set. Left to right: original images, ground-truth labels, B-Net-VGG-LCM [16], and our CAB-Net.

Table 5

Comparison of per-class IoU and mloU (%) on CamVid [4] test set. Boldface numbers indicate the best performance at each class.
Approach Building Tree Sky Car Sign-symbol Road Pedestrian Fence Pole Sidewalk Bicyclist mloU (%)
SegNet (3.5K dataset) [1] - - - - - - - - - - - 60.1
DeepLab-LFOV [5] 81.5 746 89.0 822 423 92.2 484 272 143 754 50.1 61.6
Dilation8 [41] 82.6 76.2 899 84.0 46.9 92.2 56.3 35.8 234 75.3 55.5 65.3
Dilation+FSO-DF [22] 84.0 772 913 85.6 49.9 925 59.1 37.6 16.9 76.0 57.2 66.1
B-Net-VGG-LCM [16] 814 753 928 825 42.8 89.2 60.8 478 363 66.4 54.8 66.4
G-FRNet [20] 82.5 76.8 92.1 81.8 43.0 94.5 54.6 471 334 82.3 59.4 68.0
BiSeNet [39] 83.0 758 92.0 837 46.5 94.6 58.8 53.6 319 81.4 54.0 68.7
DDSC [3] (ss) - - - - - - - - - - - 70.9
LDN121 16—2 [21] - - - - - - - - - - - 75.8
CAB-Net (ss) 88.7 87.2 949 91.0 60.5 94.9 57.4 60.4 26.8 854 554 73.0
CAB-Net 91.1 88.9 957 93.0 64.8 94.7 66.5 70.5 29.8 85.3 60.3 76.4

ss: single-scale testing strategy; —: no data recorded in the original work.

Table 6
Comparison of mloU, inference speed, and number of model parameters for input image with resolution of 1024x2048 in Cityscapes [9] dataset. Boldface
numbers indicate the best performance at each criterion.

Network structure Approach NVIDIA GPU mloU (%) Inference speed (fps) No. parameters
Symmetric SegNet [1] Titan X 56.1 17 29.46M
SwiftnetRN-18 [29] GTX 1080Ti 75.5 39 11.80M
Asymmetric PSPNet [44] GTX 1080Ti 78.4 7 65.60M
BiSeNet [39] Titan Xp 74.7 65.5 49.00M
Bracket B-Net-VGG-LCM [16] GTX 1080Ti 75.9 20 25.92M
CAB-Net GTX 1080Ti 78.3 13 81.47M

ResNet-18 [13], respectively. In concrete, for such kind of symmetric encoder-decoder, the process of inferring pixel-wise
labeled map mainly relies on the inherent structure of backbone CNN. Therefore, applying shallower network that extracts
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features having smaller depth size to be involved in the decoding stage requires fewer parameters and operations through-
out the whole architecture. However, there is a huge trade-off with the mloU-based performance, wherein our CAB-Net
greatly outperforms the SegNet [1] and SwiftnetRN-18 [29] by 22.2% and 2.8%, respectively. On the other hand, it is notewor-
thy that the B-Net-VGG-LCM [16], another representative of Bracket-style structure, attains higher mloU (of 19.8%) and pro-
cessing rate (of 3 fps) while having same backbone CNN but fewer parameters (of 12%) in comparison with those of the
SegNet [1]. The major reason is that its decoder is the reverse replication of the original VGG-16 [33], which is obviously
more expensive than the connections between several selective feature maps only in the Bracket-shaped structure or the
SwiftnetRN-18 [29].

Compared to PSPNet [44] and BiSeNet [39] in asymmetrically-structured group, the proposed CAB-Net contains more num-
ber of parameters but still accomplishes noticeable results in the remaining criteria. Particularly, the inference speed intro-
duced by our method (13 fps) is nearly twice as many as that of the PSPNet [44] (7 fps) while the gap of attained mloU is
trivial (0.1%). We argue that the primary cause is the manifold utilization of the deepest feature maps in ResNet-101 [13] for
various pooling rates followed by conventional convolutional layers in that approach. Such strategy heavily elaborates the
volume of operations (comprising multiply, add, max-value calculations, etc), which subsequently reduces the segmentation
speed. Meanwhile, the involvement of efficient attentional and Sep. Conv. layers to lower-depth features round-by-round in
our technique conducts cheaper operation burden despite carrying more learnable parameters. On the contrary, since the
BiSeNet [39] targets at processing rapidity more favorably, it is built upon the lightweight backbone ResNet-18 [13] with
an attached dual network stream for amalgamating global context and local details in a cost-efficient way. Hence, the infer-
ence speed is impressive with approximately 65 fps but compromising poorer mloU with a gap of 3.6% compared to that of
the proposed CAB-Net. In a nutshell, it can be realized that the mloU, inference speed, and model complexity in terms of
parameters’ amount are strongly correlated criteria, to which the preference certainly depends on predefined purposes of
each deep learning model.

5. Conclusion

In this paper, we pointed out how the proposed Bracket-structured network jointly works with the CAF modules to bal-
ancedly combine fine-grained with semantically rich features. Such Bracket-style decoding procedure along with the cross-
attentional manner can finalize the prediction map more accurately as middle-level feature maps are exhaustively exploited.
They are employed for not only continuously refining semantically rich features of higher-level layers, but also incessantly
embedding reasonable contexts to finely patterned features of lower-level layers during the tournament of per-pixel labeled
map inference. Accordingly, with promising performance in the experiments, the proposed model is expected to effectively
represent semantic categories from raw images for further information-based processes in realistic vision-oriented
applications.
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