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MFNet: Multi-Feature Fusion Network for
Real-Time Semantic Segmentation in Road Scenes

Mengxu Lu™, Zhenxue Chen™, Chengyun Liu, Sile Ma, Lei Cai*, and Hao Qin

Abstract— Although high-accuracy networks have been
applied to semantic segmentation at present, their inference
speeds remain slow. A trade-off between accuracy and speed
is demanded for real-time applications. To approach this prob-
lem, we propose Multi-Feature Fusion Network (MFNet) with
real-time efficient prediction capacityy. MFNet adopts three
branches (attention, semantic and spatial information) to capture
low-level and high-level features. Additionally, MFNet exerts
asymmetric factorized (AF) blocks to extract local and long-range
features. As a result, without any pre-training or post-processing,
MFNet using only 1.34 M parameters, achieves 72.1% mean
intersection over union (mlIoU) on the Cityscapes test set at a
speed of 116 frames per second (FPS), with 512 x 1024 high
resolution on a single Titan Xp graphics card. Our network’s
performance stands out from other state-of-the-art networks on
four datasets (Cityscapes, CamVid, KITTI, and Gatech).

Index Terms— Semantic segmentation, convolutional neural
network (CNN), real-time, multi-feature fusion.

I. INTRODUCTION

EMANTIC segmentation is the classification of each pixel
S in an image in order to segment the image according to
semantics. Segmentation through video or image is a basic
problem in computer vision. In the automatic driving task,
after obtaining the current road image, semantic segmentation
technology is used to segment and extract road information to
help an automatic driving system make decisions.

In 2015, Shelhamer et al. [1] proposed the Fully Convolu-
tional Neural Network (FCN). FCN replaces the fully con-
nected layer of the classification model, such as AlexNet [2]
and Visual Geometry Group Network (VGGNet) [3], with
a convolutional layer that transforms the classification task
into the semantic segmentation task. Several excellent Con-
volutional Neural Networks (CNNs) have achieved advanced
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Cityscapes [6] test set.

results on public benchmark datasets. For example, represen-
tative of deep and large networks, Pyramid Scene Parsing
Network (PSPNet) [4] and DeepLab-v3 [5] have achieved
greater than 80% mloU on the Cityscapes [6] dataset. How-
ever, these high-accuracy networks are usually based on
complicated baseline networks (like VGGNet or ResNet [7]),
which have hundreds of layers and thousands of channels,
resulting in low inference speed. With the application of
semantic segmentation, it is found that these large networks
consume a large amount of resources, and cannot meet real-
time requirements. In order that semantic segmentation can be
better applied to practical projects, light-weight networks such
as SegNet [8], ENet [9], Efficient Residual Factorized Net-
work (ERFNet) [10], and Efficient Spatial Pyramid Network
(ESPNet) [11] have become the focus of semantic segmen-
tation research. However, increase in speed results in a loss
of accuracy. Fig. 1 illustrates the inference speed (FPS) and
accuracy (mloU) of several state-of-the-art methods. From
Fig. 1, it is apparent that making a good trade-off between
accuracy and speed requires further investigation.

In this paper, we address these challenges by proposing an
efficient Multi-Feature Fusion Network (MFNet) for semantic
segmentation in road scenes, taking into account the accuracy
of the model and increasing the inference speed, all while
reducing the parameters. Multiple branches are employed in
the network. An attention branch with a position attention
block captures the spatial dependencies between any two posi-
tions of the input feature maps. A semantic branch excavates
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high-level features by deepening the network, while a spatial
information branch retains the low-level features. Finally, the
feature fusion block is applied to merge multiple features.
To increase speed, we use depth-wise convolution instead of
normal convolution in most of the network, as depth-wise
convolution separates the channel and the spatial information,
reducing the parameters. The reduction of parameters by a
large margin brings about a decline of effect. We put some
3 x 3 convolutions in the place of some 1 x 1 convolutions
to solve this problem. Dilated convolutions with a larger
receptive field are applied in the network as well. Factorized
convolution that decomposes a 3 x 3 convolution into 3 x 1 and
1 x 3 convolutions cuts down computational complexity with
only a slight degradation of performance, also an important
characteristic of our network.
Our main contributions are summarized as follows:

o We propose Multi-Feature Fusion Network (MFNet)
which reaches 72.1% mloU on the Cityscapes dataset
at a speed of 116 FPS using high resolution images
(512 x1024), on a single Titan Xp graphics card, without
any pre-training or post-processing.

o We create three branches in our network to fuse multiple
features: the attention branch, the semantic branch, and
the spatial information branch. Each of the three has
proved indispensable.

o We design the AF block as the core block of our network,
fusing both local and long-range features via light-weight
construction.

« We evaluate MFNet on four public road scenes
understanding datasets (Cityscapes [6], CamVid [12],
KITTI [13], and Gatech [14]) and find that it earns a
trade-off between accuracy and prediction speed. MFNet
stands out among state-of-the-art semantic segmentation
networks, as seen in Fig. 1.

II. RELATED WORKS

In this section, we look at some state-of-the-art methods for
semantic segmentation, especially those with efficient skills
comparable to MFNet.

A. CNNs in Semantic Segmentation

A milestone in the use of CNNs for semantic segmen-
tation is the introduction of FCN with end-to-end training
by adopting a fully convolutional network. With FCN as
inspiration, many CNNs for semantic segmentation continue
to be introduced. Even now, much research is focused on
searching for methods with remarkable performance in speed
and accuracy.

B. Accuracy of Networks

In reviewing networks with high performance by the met-
ric of accuracy, a number are worthy of mention. SegNet
uses a classical encoder-decoder architecture to sample and
recover feature maps. U-Net [15] obtains predictions com-
bining deep features as well as shallow information through
the u-shape. DeepLab-v3 designs the Atrous Spatial Pyramid
Pooling (ASPP) module to capture contextual information for
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better performance with different dilation rates. PSPNet uti-
lizes pyramid pooling to unite contextual information. Dilated
convolution, widely used in CNNs, can enlarge the receptive
fields without increasing the parameters.

C. Real-Time Semantic Segmentation

Because of the limits of computational resources and time-
liness in practice, real-time semantic segmentation models are
required. ENet, with only 0.37M parameters, is the foremost
light-weight semantic segmentation network. ERFNet turns
the 2D convolution kernel (3 x 3) into two 1D convolution
kernels (3 x 1, 1 x 3) thus lowering the computational cost
and decreasing parameters. ESPNet with its Efficient Spatial
Pyramid (ESP) module, gathers the features at different times.
ContextNet [16] and Fast-SCNN [17] take advantage of two
branches, a shallow network path along with a deep branch, in
order to learn local and global image context at the same time.
LEDNet [18] has an asymmetric encoder-decoder architecture.
The two operations (channel split and shuffle) in the encoder
significantly save computational resources, and the Attention
Pyramid Network (APN) in the decoder further lightens the
whole network. Depth-wise separable convolution, widely
used in networks, reduces parameters by splitting channels
and fuses features with a 1 x 1 convolution. FRNet [19]
and FSSNet [20] use factorized and regular (FR) blocks and
continuous factorized block, respectively, to gain efficient and
accurate results. SwiftNet [21] employs light-weight upsam-
pling with lateral connections on a general purpose archi-
tecture to realize real-time segmentation. Lite-HRNet [22]
replaces costly pointwise (1 x 1) convolutions in shuffle
blocks with a light-weight unit, conditional channel weight-
ing, to break the computing bottleneck. Trans4Trans [23]
proposes a segmentation architecture with transformer-based
encoder and decoder with Transformer Parsing Module(TPM).
SegFormer [24] unifies Transformers with light-weight mul-
tilayer perceptron (MLP) decoders. Our network comes up
with asymmetric factorized (AF) block based on 3 x 1 and
1 x 3 convolutions to lighten the network.

D. Attention Modules

Attention modules have been widely used for various tasks
such as natural language processing, image recognition, and
speech recognition. The attention model (AM) was first used
for machine translation [25]. Attention modules applied in
semantic segmentation have the capacity to capture long-
range dependencies. Dual Attention Network (DANet) [26]
exploits both spatial and channel dimensions for semantic
interdependencies. Crisscross Network (CCNet) [27] achieves
better efficiency with criss-cross attention. To reduce com-
putation complexity of attention module, FANet [28] and
ECANet [29] are put forward. FANet proposes fast spatial
attention by changing the order of operations to cut down the
computational cost. ECANet uses a Horizontal Segment Atten-
tion (HSA) module and a Pyramidal Space Attention (PSA)
module to lessen the computational burden. The attention
block in our network utilizes max-pooling and shared weights
based on the position attention module of DANet [26].
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TABLE I

THE ARCHITECTURE DETAILS OF MFNET REFER TO THE
SETTINGS AND OUTPUT OF EACH LAYER

Stage Type Mode Output size
Downsamplel 3x3 Conv s=2,p=1 512x1024x32
Convl 3x3 Conv s=1,p=1  512x1024x32
Conv2 3x3 Conv s=1,p=1  512x1024x32
Concatl - - 512x1024x35
Downsample2 3x3Conv+2x2Maxpool s=2,p=1;5=2 256x512x64
AF Blockl 2% d=2,2 256x512x64
Conv3 1x1 Conv s=1,p=0  256x512x32
Concat2 - - 256x512x131
Encoder Downsample3 3x3 Conv s=2,p=1  128x256x128
Downsample4 3x3 Conv s=2,p=1  64x128x128
Conv+AB+Conv  1x1+attention+1x1 s=1,p=0 64x128x64
AF Block2 5% d=2,4,4,16,16 64x128x128
Concat3 - - 64x128%259
Conv4 1x1 Conv s=1,p=0 64x128x64
Concat4+Conv 3x3 Conv s=1,p=1 64x128x64
Upsamplel bilinear x4 256x512x64
FFB+Conv future fusion+1x1 s=1,p=0  256x512x64
Conv5s 1x1 Conv s=1,p=0 256x512%c
Decoder ..
Upsample2 bilinear x4 1024%x2048xc

I The variable ‘c’ refers to the numbers of classes to be predicted. ‘s’
represents stride, ‘p’ is padding and ‘p’ states dilated rate. Input images
are 1024x2048 with three channels.

E. Feature Fusion

As the depth of the network and times of down-sampling,
the fusion and reuse of features deserve further attention. FCN
exploits the skip architecture, which combines a deep, coarse
layer with a shallow, fine layer to capture accurate and detailed
feature maps. RefineNet [30] puts forward long-range residual
connections to extract multi-level features for high-resolution
prediction, explicitly exploiting information of value along the
down-sampling process. BiseNet [31] utilizes two paths (the
spatial and the semantic) and a feature fusion block to acquire
combined features. FSFNet [32] brings forward a feature
selective fusion module (FSFM) to merge features in different
levels or scales, and a multiscale context enhancement mod-
ule to aggregate multiscale and global context information.
RFNet [33] designs Attention Feature Complementary (AFC)
module to extract and fuse features from RGB and Depth
branches. Our network constructs Feature Fusion Block (FFB)
to blend features from three different branches.

III. PROPOSED APPROACH

In this section, we propose the architecture of the
Multi-Feature Fusion Network (MFNet) for semantic segmen-
tation in road scenes. Each branch of MFNet (the attention,
semantic, and spatial information branches) is described in
detail. After that, the asymmetric factorized block, which
makes the network more light-weight, is demonstrated. Finally,
use of the feature fusion block to fuse features of different
stages is introduced.
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A. MFNet Architecture

People perceive things through the cooperation of various
senses. Multi-source information acquired through smell, hear-
ing, vision, etc. is fused by the brain to make people perceive
the existence of things. Inspired by human beings, neural
network can also integrate multi-stage features to improve
the accuracy of prediction. Spatial features possess detailed
information from a concrete perspective, and semantic features
have abstract information from a big-picture perspective. In a
convolutional neural network, the shallow layer, which has a
large resolution feature map, learns the low spatial features.
A series of operations such as convolution and pooling provide
the network sufficient depth to study the features of rich
semantic information. Features with low resolution can be used
for tasks like image classification, while semantic segmenta-
tion requires high-resolution output. It is not enough to use
only high-level features rich in semantics. It is necessary to
effectively fuse semantic features of the high level with spatial
features of the low level to obtain more accurate segmentation
results. The multi-branch feature fusion network proposed
in this paper effectively integrates the features of different
levels.

We use three-branches network to simultaneously improve
accuracy and speed, as shown in Fig. 2 and TABLE 1. Our
network has no backbone, and is trained from scratch. The
down-sample blocks have two modes, as seen in Fig. 3, a one-
branch mode with only a 3 x 3 convolution of stride 2,
and a two-branch mode, where the left branch has a 3 x 3
convolution of stride 2, and the right branch has a 2 x 2
max-pooling. In order to process high-resolution images and
maintain speed for real-time requirements, we take four
down-samples to sample the image 1/16 of the original images.
Apart from down-sample2, the other three down-sample
stages are in one-branch mode. The down-sample2 stage
is designed to utilize the two-branch mode in order to
reserve significant information in the early stage. The other
down-sample stages are just 3 x 3 convolutions, simplifying the
network.

Firstly, we down-sample the images to 1/2 of the original
images thus reducing computational pressure, and extend
channels to 32. Then, two 3 x 3 convolutions with stride 2 and
32 filters process feature maps. To reduce loss of information,
we average pool input images to 1/2, 1/4, and 1/16 of the
original size with three channels for further use. The second
down-sample, with 64 filters, occurs after concatenating the
output and 1/2 pooled images. After that, our core block (the
AF block) is used twice to explore low features. These feature
maps are not only convolved by 1 x 1 in the spatial branch
for spatial information, but also concatenate with the input
of AF blockl and 1/4 pooled images to make 131 channels.
Feature maps, after concatenating, are down-sampled twice by
3 x 3 convolutions to achieve 1/16 of the original images and
128 channels. Then, branches are divided into two, including
one attention branch and one semantic information branch.
The attention branch adopts the position attention block (AB),
which is able to capture long-range contextual information,
and a 3 x 3 convolution with stride 2 to decrease channels
from 128 to 64. The semantic information branch incorporates
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five times AF blocks, which have huge receptive fields for
learning high-level features and abundant semantic informa-
tion. Concatenating the input, output of these five AF blocks
and 1/16 pooled images results in 259 channels, which is
relatively large. Therefore, a 1 x 1 convolution with 64 filters
is used to prune several redundant features. The semantic
information branch and the attention branch concatenate with
each other first, and then up-sample four times to fuse with
the spatial branch using the Future Fusion Block (FFB).
At last, a 1 x 1 convolution is employed to obtain channels,
similar to classes to be predicted. Up-sampling by bilinear
interpolation is designed to gain network input size in the
end.

B. Attention Branch (AB)

The attention module is divided into position attention and
channel attention. Position attention is to calculate the atten-
tion of other pixels to a certain pixel and get the importance
of this pixel, thus assigning a weight to each pixel. Position
attention can make full use of spatial location information,
which is the most valuable point to use in pixel level semantic
segmentation task. Channel attention is to weight channels
according to the importance of channels. Since vehicles are
obvious in the marked Nos. 1, 2, 8, 16 feature maps in
Fig. 4(b), large weights are assigned to these channels and
small weights are assigned to other channels in order to
predict vehicles. However, the attention branch of MFNet
is drawn from the deep layer. The features will be like
Fig. 4(c). The images are full of abstract features with equal
importance, so it is difficult to assign different weights to
different channels. It can also be seen from the ablation
study that channel attention has not achieved a good effect in
MFNet, so we only adopts positional attention in the attention
branch.

Conventional convolution can only express local receptive
fields. Even though dilated convolution can expand receptive
fields, it is difficult to set proper dilation rates and it occupies
large memory space. Therefore, we propose the position
attention to fully obtain global information. The attention
block, as shown in Fig. 5, is used after the last down-sampling
module. The response weight obtained by considering the
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(©)

Fig. 4. (a) Input and output of semantic segmentation, (b) Visualization of
shallow features, (c) Visualization of deep features.

response of all positions in the feature to the current position
represents the degree of attention paid to the current position.
Existing semantic segmentation networks ignore the relation-
ship between pixels, and the segmentation images are not
continuous enough. Position attention promotes the efficient
expression of information between two long distance pixels
by calculating the dependence between positions.

Different from the position attention in DANet, our pro-
posed attention block utilizes max-pooling and weight sharing.
Max-pooling is equivalent to local attention. It can select and
retain important features by extracting the maximum value.
It can also filter information to remove non-salient features.
The max-pooling reduces the size of the feature map and
enhances the expressiveness and generalization ability. Weight
sharing reduces parameters, and ablation experiments show
that reduced parameters do not affect performance of MFNet.

First, we use max-pooling to reduce the input from hxwxc
to (h-1)x(w-1)xc. Then, three 1 x 1 convolutions are used
in parallel, where two of them share weights, causing the
structure in the red box evolves into the structure in the green
box. After that, the features of the two adjusted dimensions
are multiplied to obtain the feature of size (h-1)(w-1) X
(h-1)(w-1), which is the response weight matrix of each posi-
tion to all positions. Softmax puts the weight between 0 — 1,
and the response feature is obtained by multiplying the weight
by the middle side features. Finally, the resulting response
feature is connected with the original feature via residual
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Fig. 5. The attention block. ‘h’, ‘w’ and ‘c’ represent height, width and
channels of images, respectively.

connection, to output the optimized feature after the atten-
tion mechanism. Thereafter, convolution and upsampling are
utilized to get the final output of the attention branch.

C. Semantic Branch

In the semantic branch, the output after four down-sampling
is mined for deep features. Five asymmetry factorized (AF)
blocks and concentration with 1/16 size of the original images
sufficiently explore the deep semantic information. The dilated
convolution with different sampling rates {2, 2, 4, 4, 16}
is used serially in the five bottleneck blocks, so that the
feature combines both the surrounding information and global
information, and regions of different scales and arbitrary sizes
can be accurately and effectively segmented.

D. Spatial Information Branch

In the semantic and attention branches, the features obtained
are high-level features, which can be used to identify the
categories contained in each region with low resolution.
It is necessary to employ spatial information with low-level
features to obtain results with high resolution and accurate
segmentation.

In the spatial information branch, the features after the first
AF block are adopted. Features in this stage have learned ade-
quate spatial information after a series of previous operations,
and the resolution is relatively high. After the convolution
operation and adjustment to feature dimensions, this spatial
information branch integrates with the other two branches.

E. Feature Fusion Block (FFB)

Feature fusion methods mainly include max-fusion, add-
fusion, concatenation and convolution. Max-fusion and
add-fusion fuse several feature maps with the same size and
channels. The max-fusion maximizes and the add-fusion adds
the values at the same position in several feature maps. The
images fused by these two methods ignore the features in the
original feature images and get the result of the interaction of
several feature images. Concatenation is the fusion of several
feature maps with the same size but not necessarily the same
channels. Through concatenation, several feature maps are
cascaded together to form fusion features with the same size
and more channels that adds input channels. In this way,
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Fig. 6. The feature fusion block. ‘X’ represents input images. ‘w’ signifies
input channels.

all the features of the original feature map can be retained,
but a large number of channels takes up large space and
requires high computing capacity. Convolution is carried out
after concatenation to further fuse features. Meanwhile, the
number of channels is reduced through this step to reduce the
subsequent computational burden.

In MFNet’s multi-branch structure, different branches have
different feature levels. The attention and semantic branches
have high-level features, while the spatial information branch
has low-level features. The features of the semantic branch and
the attention branch are first fused by means of concatenation
and convolution. Then the features of the spatial information
branch also need to be fused. Due to the different feature
levels of these branches, a feature fusion block, as shown in
Fig. 6, has been adopted, rather than the simple concatenation
method.

Features are up-sampled after the semantic branch and the
attention branch by bilinear interpolation. The features of the
different branches are connected in series, and then fused
through Convolution-BatchNorm-ReLLU. The fused features
are adjusted through the attention mechanism of channel
dimensions, and different weights are assigned to different
channels, so as to complete the fusion of the different levels’
features.

F. Asymmetric Factorized (AF) Block

The core block of our network is asymmetric factorized
block, which extracts information via lightweight residual
layers, as shown in Fig. 7(d).

The residual layer, as in Fig. 7(a), adds the output of
multiple convolutions and the input of this layer, increasing the
efficiency of the network and improving gradient dissipation
in back propagation. The module in Fig. 7(b) sets middle
channels as 1/4 of the input, which not only makes the struc-
ture light, but also eliminates redundant features. Factorized
residual layers, as in Fig. 7(c), use convolutions with 1D filters
to increase computational efficiency. AF blocks in our network
gathering the merits of them can be seen in Fig. 7(d).

IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS, VOL. 23, NO. 11, NOVEMBER 2022

X, W X, W X, W ‘v/ X, W \‘

I |

] ; 3X3, w/2 1

3X3,w 11, w/d T | BX 1, w/2(d) i
, | , W,

P29 T

3X3, w/h H[x3 w2 )] |

I I

3X3,w Loxtw] 1 1

1X1,w { |

: :

i |

I I

x+tH(x), w x+H (x), w x+H(x),w} x+H(x), w ,}

(a) (b) (c) (d)
Fig. 7. (a) Non-bottleneck, (b) Bottleneck, (c) Non-bottleneck-1D, (d) Asym-
metric Factorized (AF) block. ResNet proposes layers (a) (b), and ERFNet

presents factorized residual layers (c) based on (a)(b). The AF block (d) is
the core block of our network, inspired by them. ‘w’ signifies input channels.

3 x 3 convolutions occur at the beginning of the AF block
to acquire local information. Middle channels are reduced to
1/2 input channels instead of 1/4, since the input channels of
the AF block are at most 128, and the network must retain
information of value.

The two branches consist of two asymmetric paths with
a left factorized depth-wise dilated asymmetric convolution
(3 x 1, 1 x 3) and a right depth-wise non-dilated 3 x
1 convolution (thus the name “asymmetric factorized” block).
The 3 x 1 convolution in the right branch extracts surrounding
information without dilation. The factorized convolution in the
left branch is a dilated one, because a dilated convolution has
the capacity for a large receptive field to associate long-range
information. The dilation rates are {2, 2} in the first two AF
blocks, and {2, 4, 4, 16, 16} in the second five AF blocks,
as shown in TABLE I. The three convolutions in these two
branches are all depth-wise, reducing parameters to a great
extent. Finally, a 3 x 3 convolution conflates features on width
by 3 x 1, features on height by 1 x 3, and local features by
non-dilated 3 x 1, and restores channels to be added with the
input.

SS-nbt module in LEDNet [18] and EAC module in
EACNet [34] like AF block are shown in Fig. 8(a)(b)(c).
SS-nbt splits the input into two branches with half channels
in each branch and shuffles channels after adding all features.
AF block makes use of the 3 x 3 convolution at the beginning
of the module to reduce channels to half as the input of two
branches. Compared with channel split and shuffle, the 3 x 3
convolution has parameters that enable the network to learn
how to reduce channels while retaining useful information
and removing redundant information. EAC adds features from
three branches many times resulting in an increasing number
of channels and computational pressure. Different from EAC,
AF adds features from two branches once, except the residual
connection. AF block uses fewer convolutions and has a
simpler structure than SS-nbt and EAC. In the ablation study,
we replace AF block with SS-nbt or EAC, but there is no
improvement, which indicates that AF block is sufficient for
our network with non-redundant information. 3 x 1 and 1 x 3
convolutions are employed in pairs in LEDNet and EACNet
to act as 3 x 3 convolutions. The 3 x 1 convolution appears
alone in the right branch of AF block and the ablation study
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Fig. 8. (a) SS-nbt module in LEDNet [18], (b) EAC-A module in
EACNet [34], (¢c) EAC-B module in EACNet.

verifies the effectiveness of this structure. That inspires us to
use 3 x 1 or 1 x 3 convolution alone without the other in the
model.

IV. EXPERIMENTS

In this section, we evaluate our network MFNet on four
datasets of road scenes. They are Cityscapes [6], CamVid [12],
KITTI [13] and Gatech [14], all diffusely used for road seman-
tic segmentation. First of all, the datasets information and
the implementation details used in this paper are introduced.
Then, to explore the potential of MFNet, we implement some
ablation studies on the Cityscapes validation set. Subsequently,
we provide the consequences on the Cityscapes and CamVid
test sets, and compare with state-of-the-art networks to demon-
strate the efficiency and value of MFNet, based on mloU,
inference speed, FLOPs, etc. Finally, some results of the
KITTT and Gatech datasets are presented for further proof of
the effectiveness of MFNet. Fig. 10, 11, 12, and 13 depict
visual outputs of semantic segmentation.

A. Experimental Settings

1) Cityscapes Dataset: The Cityscapes dataset contains
50 cities’ street scenes on a large scale. 5000 fine pixel-level
annotated images are grouped into three parts, covering
2975 training images, 500 validation images, and the remain-
ing 1525 testing images. There are also additional 20,000
weakly annotated coarse images, not used in our experiments.
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We use 5000 high-resolution annotated images with 19 classes
and a size of 1024 x 2048. We base classes IoU on 19 classes
such as “road”, “car”, “building”, “vegetation”, etc. and base
Categories IoU on 8 categories containing “flat”, “object”,
“nature”, “construction”, etc. Input resolution for training is
512 x 1024.

2) CamVid Dataset: The CamVid is a popular semantic road
understanding dataset. 701 images are divided into 367 images
and 101 images for training and validating, and 233 images
for testing. Referring to the number and size, the CamVid
dataset is smaller than the Cityscapes dataset. The resolution
of original images is 720 x 960 with 11 labeled classes. They
are randomly cropped into 512 x 512 resolution for network
input.

3) KITTI Dateset: The KITTI labeled by Xu et al. is the
smallest dataset in number of these four datasets. 107 images
with the resolution of 368 x 1200 are separated into groups
of a training set of 70 and a validation and testing set of 37,
respectively. Input images are cropped into 256 x 800 and we
train five categories combined from the initial 28 classes are
used for training.

4) Gatech Dateset: The Gatech is a video dataset including
63 training videos and 38 testing sequences. One out of five
frames (1249 images total) is selected as the training set, and
one out of two frames (1426 in all) constitutes the testing
set, as images of the adjacent frames are very similar. The
resolution of this dataset is 480 x 640, with 8 classes. Image
sizes are cropped to 256 x 480 for training.

5) Implementation Details: A single NVIDIA Titan Xp
GPU with CUDA and cuDNN backend is used on the Pytorch
framework in Python in our experiment. In order to obtain
better results with limited data, we apply data augmentation
by random scale with scale factors {0.75, 1.0, 1.25, 1.5, 1.75,
2.0}, mean subtraction, random crop and random horizontal
flipping while training. The border expansion is executed
before the random crop if the dealt images are smaller than the
crop size. The max epochs are set to 1000, with no pre-training
or post-processing, and results will be better with larger
max epochs. Cross-entropy loss ignoring the unlabeled pixels,
frequently employed in classification tasks to calculate output
loss, is the loss function used in our experiment. Furthermore,
different classes in the dataset are so imbalanced that each
class’s weight has to be figured in the training dataset. Class
weight is defined as wejqss = 1/10g (1.1 + Peiass), Where pejass
is the probability of a class.

For Cityscapes, a Stochastic Gradient Descent (SGD) opti-
mizer is adopted with momentum 0.9 and weight decay of
10~*. Following DeepLab-v2 [35], the initial learning rate is
0.02, multiplied by (I-current_iter/max_iter)*? later, known
as ‘poly’ learning rate strategy. We take full advantage of the
GPU by the batch size of 10.

For CamVid, KITTI, and Gatech, the Adam optimizer was
employed with the original learning rate of 1073, calculated
by ‘poly’ learning rate, parameter betas from 0.9 to 0.999,
and the weight decay of 2 x 107, 16 batch size is the modest
during training.

6) Evaluation Metrics: Mean IoU (mloU), global accuracy,
and frames per second (FPS), extensively used in semantic
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TABLE II

ABLATION STUDY ON CITYSCAPES VAL SET, DEMONSTRATING
THE EFFECTIVENESS OF THE THREE BRANCHES
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TABLE III

ABLATION STUDY ON CITYSCAPES VAL SET, DEMONSTRATING
THE EFFECTIVENESS OF THE POSITION ATTENTION

Model |A S SI Parameters(M){ Speed(FPS)t FLOPs(G)) mlIoU(%)7T

M1 v v 1.22 120 8.9 69.8
M2 |V v 1.35 125 7.5 63.0
M3 |V V 1.21 112 9.0 66.5
MFNet | v v vV 1.34 116 9.1 71.6

! The attention, semantic, and spatial information branches are removed
in turn in M1, M2, and M3, respectively.

segmentation and real-time road scenes understanding are
evaluation metrics in this paper to exhibit our results. They
are defined as follows:

i = E i (1)
nii
— 2 N7 2
Z' ti+ 2 nji — nii

Nels
2. Mii
Dt
1
FPS=- @)

mloU =

Global Accuracy = (3)

where n;; expresses the number of pixels of class i mistakenly
predicted to class j, #; is the entire number of pixels of class
i, nes represents the number of classes in each dataset and
t signifies the time it takes to process one image.

B. Ablation Study

In this subsection, the multi-branch
MFNet is compared and analyzed on the Cityscapes
validation set. Some experiments, which are shown in
TABLE II, 111, 1V, V, VI, VII, VIII are conducted to testify
the necessity and superiority of three branches and explore
the potential of MFNet.

1) Ablation Study for Three Branches: As can be seen in
TABLE II, employing all three branches achieves the optimal
results. M1 (without the attention branch) decreases mloU by
1.8%, which demonstrates the utility of the attention block.
Although the speed of M2 (without the semantic branch) is
slightly faster, the effect goes down by 8.6% overall because
the semantic branch is significant for semantic segmentation.
M3 (without the spatial information branch) reduces mloU by
5.1% due to the lack of low-level features.

2) Ablation Study for the Attention Block: We select the
position attention, whose attention map is (h-1)(w-1) x (h-
1)(w-1), to get the relationship between different positions
and realize long-range dependencies for scene understanding.
As can be seen in TABLE III, to testify the performance of the
position attention block, we implement the contrast experiment
using channel attention with attention map ¢ x c. M4 (with
the channel attention) proves to be lower by 3.1% mloU than
MFNet, which suggests that position attention is more suitable
for MFNet.

structure  of

Model ‘ mode Parameters(M)]. Speed(FPS)T FLOPs(G)| mloU(%)1
M4 |channel attention 1.31 116 9.1 68.5
MFNet‘position attention 1.34 116 9.1 71.6
TABLE IV

ABLATION STUDY ON CITYSCAPES VAL SET, CHANGING SOME
PARAMETERS IN THE ATTENTION MODULE

Model ‘ mode Parameters(M)]. Speed(FPS)T FLOPs(G)] mloU(%)1
M21 | FFB-Concat 1.34 139 9.1 707
MFNet ‘ FFB-Bilinear 1.34 116 9.1 71.6
TABLE V

ABLATION STUDY ON CITYSCAPES VAL SET, DEMONSTRATING
THE EFFECTIVENESS OF THE AF BLOCK STRUCTURE

Model | mode  Parameters(M)] Speed(FPS)T FLOPs(G)) mloU(%)1
MI10 | AF-RR 1.34 107 9.2 70.2
Ml1 AF-FF 1.34 109 9.1 69.8
MI12 | AF-FR 1.34 110 9.2 68.4
M13 AF-ff 1.33 117 9.1 69.1
MIl14 | AF-LED 1.06 124 7.8 70.5
MI15 | AF-EACI1 1.74 95 11.1 69.6
M16 |AF-EAC2 2.56 71 15.1 69.8
MFNet| AF-fF 1.34 116 9.1 71.6

! The structures of M10, M11, M12, M13 are shown in Fig. 9.

2 M15 means all AF blocks in MFNet are replaced by EAC-A in Fig. 8(b).

3 M16 replaces AF blockl with EAC-A in Fig. 8(b) and AF block2 with
EAC-B in Fig. 8(c).

TABLE VI

ABLATION STUDY ON CITYSCAPES VAL SET, CHANGING THE NUMBER
OF AF BLOCKS IN AF BLOCK 1 AND AF BLOCK 2

Model | mode Parameters(M)]. Speed(FPS)1 FLOPs(G)) mIoU(%)?T

M17 |AF-14 1.15 131 7.6 69.3
M18 |AF-26 1.48 107 9.4 69.9
M19 |AF-35 1.37 91 10.4 70.6
M20 |AF-36 1.52 89 10.7 70.1
MFNet‘AF—ZS 1.34 116 9.1 71.6

TABLE IV shows some changes to max-pooling and shared
weights in the attention module. M5 (without max-pooling)
and max-pooling module: M6 (kernel size 3, stride 1),
M7 (kernel size 4, stride 1), M8 (kernel size 2, stride 2)
do not reach the mloU of MFNet (max-pooling with kernel
size 2, stride 1). The mloU of M9 (without shared weights)
is 1.1% lower than MFNet. This proves that MFNet employs
applicable max-pooling and shared weights to reserve crucial
information and filter redundant information.

3) Ablation Study for AF Block: Our core block plays
an important role in the semantic branch, we explore the
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Fig. 9.
convolution. R: 3 x 3, F: 3 x land 1 x 3, f: 3 x 1.

TABLE VII

ABLATION STUDY ON CITYSCAPES VAL SET, DEMONSTRATING
THE EFFECTIVENESS OF THE FEATURE FUSION BLOCK

Model mode Parameters(M)]. Speed(FPS)T FLOPs(G)] mloU(%)T
P!

M21 | FFB-Concat 134 139 9.1 70.7
MFNet|FFB-Bilinear 134 116 9.1 71.6
TABLE VIII

ABLATION STUDY ON CITYSCAPES VAL SET, ADDING AUXILIARY LOSS

Model mode Parameters(M){ Speed(FPS)TFLOPs(G)|mloU(%) 1
M22 +loss2 1.34 105 9.2 70.1
M23 +0.5loss2 1.34 105 9.2 69.8
M24 +0.2loss2 1.34 105 9.2 70.2
M25 | +loss2+loss3 1.34 102 9.2 69.9
M26 H0.5loss2+0.510ss3 1.34 102 9.2 69.8
M27 H0.2loss2+0.2loss3 1.34 102 9.2 69.5
MFNef loss 1.34 116 9.1 71.6

most efficient structure from five different AF blocks and
modules in LEDNet and in EACNet, as shown in Fig. 7(d),
Fig. 9(a)(b)(c)(d) and Fig. 8(a)(b)(c). As can be seen in
TABLE V, M10, M11, M12, M13, M14, M15, M16 perform
1.4%, 1.8%, 3.2%, 2.5%, 1.1%, 2%, 1.8% mloU lower than
MFNet, respectively, making it apparent that a combination
of factorized convolution and non-dilated 1D convolution
produces better results.

TABLE VI explores the impact of different numbers of AF
blocks on MFNet. MFNet (AF block 1 and AF block 2 set to
2 and 35, respectively) is more effective than AF block 1 and
AF block 2 set to (1, 4) in M17, (2, 6) in M18, (3, 5) in M19
and (3, 6) in M20.

4) Ablation Study for the Feature Fusion Block (FFB): As
can be seen in TABLE VII, M9 adopts simple concatenating
instead of the feature fusion block to achieve 70.7% mloU.
MFNet invests the feature fusion block with bilinear interpo-
lation, improving accuracy from 70.7% to 71.6%.

5) Ablation Study for Loss: To take advantage of different
branches, we introduce loss2 and loss3 in two places in Fig. 2.
The experiments in TABLE VIII prove that MFNet without

(d)

(a) M10 AF-RR, (b) M11 AF-FF, (c) M12 AF-FR, (d) M13 AF-ff. ‘x’ represents input images. ‘w’ signifies input channels. ‘d’ means dilated

auxiliary loss has a higher mIoU than adding loss at loss2 or
both loss2 and loss3. This shows that the features obtained by
each branch alone do not have a good predictive effect on the
final result. The final segmentation requires the joint action
of the three branches. The importance of the feature fusion
block that fuses features of the three branches is proved from
the side.

C. Comparison With Other State-of-the-Art Models

In this subsection, we compare the speed, FLOPs,
required memory and accuracy of our proposed method
with other state-of-the-art models. Results on the Cityscapes,
CamVid, KITTI, and Gatech datasets are provided in
TABLE IX, X, XI, XII respectively. MFNet is observed to
perform with fast speed, low FLOPs, low required memory
and high accuracy compared to other models. What counts is
that, there are no testing tricks such as multi-crop and multi-
scale testing at all in our network during evaluation. To ensure
fairness, in CamVid, KITTI and Gatech, speed is computed
under the same environment with regards to GPU and the
image resolution.

1) Cityscapes: We report the comparison of speed, FLOPs,
Memory and accuracy (mloU) on the Cityscapes dataset
in TABLE IX. MFNet achieves 72.1% mloU without any
pre-training or post-processing, such as CRFs, at a speed
of 116 FPS by processing 512 x 1024 images. Compared to
high-accuracy methods without real-time capability, we only
use approximately 0.5% parameters to achieve comparable
results with DeepLab and PSPNet. Compared to networks
pretrained on ImageNet, such as SegNet and ICNet, our net-
work not only has improved 15.1%, 2.6% mloU on accuracy,
respectively, but also performs better in terms of speed, FLOPs
and required memory. When compared to light-weight net-
works trained from scratch (ENet, ERFNet, LEDNet, EDANet,
DABNet and CGNet), MFNet stands out among them on
both speed and accuracy. In the same environment, although
ESPNet and FRNet are a little faster than MFNet, MFNet
achieves a higher mloU. FLOPs, Memory are roughly pro-
portional to the input size. When they are converted to the
same input size, FLOPs of MFNet are only higher than four
networks (ENet, EDANet, ESPNet and Lite-HRNet-18) and
required memory is only higher than two networks (ESPNet
and SwiftNet).
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TABLE IX
COMPARISONS BETWEEN MFNET AND OTHER STATE-OF-THE-ART NETWORKS ON THE CITYSCAPES TEST SET

Model Input Size  Pretrained  Parameters(M) |  Speed(FPS) FLOPs(G)] Memory(M)J GPU mloU(%)7T
DeepLab [35] 512x1024 v 262.1 0.25 457.8 5945 - 63.1
PSPNet [4] 713x713 v 250.8 0.78 412.2 3935 - 81.2
SegNet [8] 360x640 v 29.5 16.7 286.0 - GTX Titan XM 57
ICNet [36] 1024x2048 v 26.5 30.3 28.3 - GTX Titan XM 69.5
ENet [9] 360x640 X 0.4 1354 3.8 - GTX Titan XM 58.3
ERFNet [10] 512x1024 X 2.1 41.7 27.7 866 GTX Titan XM 68.0
LEDNet [18] 512x1024 X 0.9 71 11.5 761 GTX 1080Ti 69.2
EDANet [37] 512x1024 X 0.7 81.3 9.0 354 GTX Titan X 67.3
DABNet [38] 512x1024 X 0.8 104 10.4 817 GTX 1080Ti 70.1
CGNet [39] 360x640 X 0.5 35.2 6 334 GTX 2080Ti 64.8
ESPNet [11] 512x1024 X 0.4 112 4.7 - GTX Titan X 60.3
FRNet [19] 512x1024 X 1.0 127 12.9 632 GTX Titan XP 70.4
SwiftNet [21] 1024x2048 v 11.8 39.9 104 1672 GTX 1080Ti 75.5
Lite-HRNet-18 [22] 512x1024 X 1.1 - 2.0 - NVIDIA V100 72.8

Trans4Trans [23] 768x768 X 135 - 20.7 - GTX 1080Ti 78.2(MS)
SegFormer [24] 1024x1024 v 3.8 152 125.5 - Tesla V100 76.2
MENet(Ours) 512x1024 X 1.34 116 9.1 496 GTX Titan XP 72.1

1<’ means the methods do not report the corresponding results.

2 FLOPs: Floating point operations.

3 Memory: the required memory footprint for the model. “Memory” is the result of our run, and the other data is from their papers.
4 “MS” means multi-scale testing.

5 Speed of CGNet is measured at 1024x2048 resolution.

.

(a)Input (b)Ground truth (¢c)LEDNet (d)DABNet (e)CGNet (HFRNet (g)MFNet

Fig. 10. Visible results on the Cityscapes validation set.

The accuracy of segmentation is related to many factors large input size, pre-training) attain higher mloU than
other than the performance of the network, such as: input MFNet.
size, pre-training, computing resources, multi-scale testing, The segmentation images of MFNet on the Cityscapes
etc. SwiftNet (large input size), Lite-HRNet-18 (8§ NVIDIA validation set are shown in Fig. 10. It can be seen that the
Tesla V100 GPUs), Trans4Trans (multi-scale testing, large segmentation effect of most categories, such as car, bicycle,
input size) and SegFormer(8 NVIDIA Tesla V100 GPUs, road, and sky is good, with accurate contour and less noise.

Authorized licensed use limited to: Zhejiang University. Downloaded on June 22,2026 at 11:45:20 UTC from IEEE Xplore. Restrictions apply.



LU et al.: MFNet: MULTI-FEATURE FUSION NETWORK FOR REAL-TIME SEMANTIC SEGMENTATION IN ROAD SCENES

21001

(a)Input (b)Ground truth (c)ICNet
Fig. 11. Visible results on the CamVid test set.
(a)lnput (b)Ground truth
Fig. 12.  Visible results on the KITTI test set.
(a)Input (b)Ground truth
Fig. 13.  Visible results on the Gatech test set.

MFNet also performs well on small object segmentation, for
example signvegetation, pole and traficlight.

2) CamVid: Results on the CamVid dataset can be seen
from TABLE X, in which MFNet achieves 71.5% mloU at
a speed of 145 FPS by manipulating images of resolution
512 x 512. The accuracy of MFNet comes first among the
ten light-weight networks in TABLE X. The speed of MFNet
is only slower than ESPNet and FRNet. The segmentation
images on the CamVid dataset are in Fig. 11, which exhibit
that MFNet can effectively segment road scenes.

(d)ENet

(e)EDANet (H)FRNet (g)MFNet

(c)FRNet (d)MFNet

(c)FRNet

(d)MFNet

3) KITTI: MFNet achieves 93.7% mloU and 132 FPS with
image size 368 x 1200. Although there are only 107 images
for training, MFNet obtains the highest accuracy among these
four datasets on account of merely 5 categories to be predicted.
The results as shown in TABLE XI exhibit the excellence
of our network with regard to global accuracy and speed.
The experiment on KITTI demonstrates that MFNet performs
excellently on small datasets. The segmentation images in
Fig. 12 shows that MFNet handles details well, and the
segmented objects do not stick to the surroundings.
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TABLE X
EVALUATION RESULTS ON THE CAMVID TEST SET

Model Parameters(M)].  Speed(FPS)T  mloU(%)1
SegNet [8] 29.5 36 55.6
ICNet [36] 7.8 49 67.1

ENet [9] 0.4 78 51.3
EDANet [37] 0.7 126 66.4
DABNet [38] 0.8 124 66.4
CGNet [39] 0.5 72 65.6
ESPNet [11] 0.4 202 55.6

FRNet [19] 1.0 157 67.4
SwiftNet [21] 11.8 - 63.3
MFENet(Ours) 1.34 145 71.5

! Speed is computed on a single Titan Xp with a resolution of
512x512.

TABLE XI
EVALUATION RESULTS ON THE KITTI TEST SET

Model Speed(FPS)T Global Acc(%)T mloU(%)T
Probabilistic Fusion [13] - 79.0 -
Evidential Fusion [13] - 81.4 -
FRNet [19] 147 96.5 92.5
MFNet(Ours) 132 97.1 93.7

! Speed is computed on a Titan Xp with a resolution of 368x1200.

TABLE XII
EVALUATION RESULTS ON THE GATECH TEST SET

‘ Model Speed(FPS)1 Global Acc(%)T mlIoU(%)1
3D models 3D-V2V [40] - 66.7 -
3D-V2V-Pretrained [40] - 76.0 -
2D-V2V [40] - 55.7 -
2D models FRNet [19] 161 80.9 -
| MFNet(Ours) 151 81.1 46.3

1 Speed is computed on a single Titan Xp with a resolution of 480x640.

4) Gatech: MFNet achieves 81.1% global accuracy on the
Gatech dataset and is the highest among the compared net-
works, as can be seen in TABLE XII. With an image resolution
of 480 x 640, the inference speed attains 151 FPS, which
meets the real-time requirements for the scene understanding
task. From visualized outputs seen in Fig. 13, small classes
may sometimes be confused with surroundings, owing to
some incorrect labeling. Even so, MFNet can perform fine
segmentation.

V. CONCLUSION

In this paper, we have proposed a novel Multi-Feature
Fusion Network (MFNet) with asymmetric factorized (AF)
blocks for real-time road semantic segmentation. The effi-
ciency and accuracy of our method, identified by results on
Cityscapes, CamVid, KITTI and Gatech datasets, is owed to its
three branches and AF blocks. MFNet achieves 72.1% mloU
on the Cityscapes test set at a speed of 116 FPS. In conclusion,

IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS, VOL. 23, NO. 11, NOVEMBER 2022

MFNet cannot only meet real-time requirements, but also
predict accurately for road semantic segmentation.

One limitation is that the data for MFNet comes from
computer experiments and MFNet is not embedded in the
device. In the future, we will embed MFNet into practical
devices and further improve the accuracy and speed of MFNet.
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