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Abstract—Semantic segmentation is a complex topic where
they assign each pixel of an image with a corresponding class
and demand accuracy at objective boundaries. The method plays
a vital role in scene-understanding scenarios. For self-driving
applications, the input source includes various types of objects
such as trucks, people, or traffic signs. One receptive field
is only effective in capturing a short range of sizes. Feature
pyramid network (FPN) utilizes different fields of view to extract
information from the input. The FPN approach obtains the
spatial information from the high-resolution feature map and
the semantic information from the lower scales. The final feature
representation contains coarse and fine details, but it has some
drawbacks. They burden the system with extensive computation
and reduce the semantic information. In this paper, we devise an
effective multiscale predictions network (MPNet) to address these
issues. A multiscale pyramid of predictions effectively processes
the prominent characteristics of each feature. A pair of adjacent
features is combined together to predict the output separately. A
lower-scale feature of each prediction is assigned as the contextual
contributor, and the other provides coarser information. The
contextual branch is passed through the atrous spatial pyramid
pooling to improve performance. The segmentation scores are
fused to obtain advantages from all predictions. The model is
validated by a series of experiments on open data sets. We have
achieved good results 76.5% mloU at 50 FPS on Cityscapes and
43.9% mloU on Mapillary Vistas.

Index Terms—Semantic segmentation, feature pyramid net-
work, multiscale prediction, real-time application.

I. INTRODUCTION

Due to the development of technology infrastructure, se-
mantic segmentation plays an important role in various fields
such as medical imaging, unmanned aerial vehicles, or self-
driving cars. The method is applied to understand the input
images at pixel levels. Image segmentation classifies each pixel
and assigns it to one corresponding class.

Many researchers have studied the deep learning algo-
rithm for semantic segmentation. Early, Fully convolution
networks [1] show promising results for dense prediction com-
pared to traditional approaches. The method uses a series of
convolutions to extract information from input images called
an encoder and has a decoder part to segment output classes.
The deep convolution network help generates rich contextual
information, which is essential for semantic segmentation
applications [2], [3]. However, semantic segmentation also
requires rich spatial information from low features to obtain
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objective boundaries. Residual learning of ResNet method [4]
is proposed to address the hindrance. Network, employing
residual learning, can decrease the gradient problem by adding
the coarse information from the lower level to the output of
each bottleneck. On the other hand, many approaches utilize
multiple branches at different-level features to contribute to the
final map. They obtain both semantic and spatial information
by using the three deepest layers of convolution network [5]
or ResNet backbone [6] and different levels of ZigZag Net-
work [7] or high-resolution network [8].

For the autonomous driving task, input scenes include
various objective sizes. The field of view directly affects
semantic segmentation performance. While the large field of
view can observe the complete information of large objects,
the small view only captures a part of the objects. Oppositely,
the small receptive field suitably covers thin objects, while
the large receptive field will include many different objects
in a single view. DeeplabV3+ [9] propose an architecture
with the ASPP module. The proposed atrous convolution can
obtain different receptive fields by changing the rates R. The
deepest feature of the backbone is passed through the ASPP
module to gain multi-scale contextual information, and a low-
level branch provides coarse information to the final map.
The FPN method [10] uses four features of the backbone
to capture information from inputs. The method obtains both
contextual and spatial information through this combination.
Additionally, many approaches gather diverse receptive fields
by extracting information from different input-image sizes.
Shiqi Yang et al. [11] employ two scales as image inputs, and
they apply the different dilation of convolution for specific
scales. The MscfNet [12] resizes image inputs into four
scales and supplements each scale inference into a pipeline
at different times.

In this study, we propose feature pyramid network with
multiscale predictions for semantic segmentation. Based on the
characteristics of the baseline FPN backbone [10], we devise a
novel decoder module to process useful features of each layer
effectively. The multiscale predictions include three parallel
predictions with different scales separately. It is proposed to
capture a wide range of objective sizes from input scenes. The
proposed architecture achieves an mloU of 76.5% and 50 FPS
on Cityscapes dataset and 43.9% on Mapillary Vistas.
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Fig. 1: A general framework of feature pyramid network with multiscale predictions for semantic segmentation is shown in

the first row. The bottom-left block is a detailed structure of t
prediction 1.

II. METHOD
A. Overall architecture

In this paper, the proposed architecture consists of two main
components illustrated in Fig. 1. The FPN backbone compo-
nent is utilized to extract information from input images, and
the multiscale predictions effectively decode the highlighted
characteristics of each feature.

The FPN backbone includes parallel pathways of pyramidal
feature hierarchy. The bottom-up pathway is the output of
ResNet-50 encoder in which semantic information is gradually
increased from low to high levels, but each step reduces the
feature resolution. Each layer of the left column is fed into
1x1 convolution to downsize the channel depth to 256. To
build a top-down pathway with richer semantic information,
each feature is contributed by one ResNet layer and an above
feature. The traditional decoder continuously uses convolution

he ASPP module. The bottom-right block shows the structure of

layers and concatenated functions to predict the final segmen-
tation map. However, this approach incurs heavy computation
and has not satisfied the accuracy demand.

In the second part, we deploy the novel decoder to address
the limitations of the baseline method. The multiscale predic-
tions consist of three parallel predictions, and each prediction
is utilized to generate a completed semantic map separately. A
pair of adjacent features is processed to provide the inputs for
an individual prediction. A branch of the lower-scale feature
is assigned as the contextual contributor, and the other is
a coarser provider. The contextual branch is passed through
atrous spatial pyramid pooling (ASPP) to obtain denser high-
level feature maps. The ASPP module has different receptive
fields to capture multiscale context information, especially
without increasing parameters effectively. The coarser branch
is downsampled to have the exact size of the lower one.
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B. Feature characteristics of the backbone

In this section, we analyze the feature characteristics of
the FPN backbone to indicate the prominence of each feature.
Semantic segmentation tasks require both spatial and contex-
tual information to predict the final heads. Convolution net-
works are a sequence of feature layers in which the resolution
and the semantic information are inversely proportional. The
first stages contain basic information with high resolution, and
the deeper layers contain rich semantic information with low
resolution.

FPN 5

FPN 4

FPN 3

FPN 2

Label

example 2

example 1

Fig. 2: Feature characteristics of the FPN backbone at multi-
scale layers. In the heatmaps, the dark color indicates the small
pixel value and the brighter areas are high values.

To explain clearly the differences in the backbone features,
we visualize the convolutional layers shown in Fig. 2. The
visualization illustrates four-feature scales of the top-down
pathway and the corresponding labels of two different exam-
ples. At the first layer, the FPN 2 has high resolution and
effectively extracts information about simple shapes repre-
sented in a bright color. The layer contains the coarsest feature
having information on large objects, especially the boundary.
Oppositely, The deepest FPN 5 layer has high-level semantics
and involves information about complicated shapes. This layer
contains the finest information, and it is hard to determine the
shapes or edges of the objects. The middle FPN 3 and FPN 4
comprise both coarse and fine information with different
densities. Each layer comprises some useful features and has
different contributions to the semantic segmentation final. The

baseline approach only adds features together, so bad values
average the prominent characters from other layers.

C. Multiscale predictions module

As a detailed analysis of feature characteristics, we embed
multiscale predictions module to process the useful points of
the layers effectively. Each pair of adjacent features contains
similar characteristics, so we combine them as an individual
prediction. The novel module composes of three parallel
predictions, and each prediction has the exact size of the lower
branch. Our approach addresses the drawback of averaging-
pixel values and reduces the computing burden on hardware.

As illustrated in the second row of Fig 1, we show an
example of prediction 1 architecture. The inputs for this
prediction are the FPN 2 and FPN 3 layers. All layers have
the same 256 channels, but width and height are different.
The FPN 3 layer is passed through the ASPP to obtain multi-
scale contextual information. The ASPP method extract feature
maps with different receptive fields and do not increase the
number of parameters depicted in the bottom-left of Fig 1.
The FPN 2 branch is downsampled and then concatenated with
the lower branch to gain the information. The concatenated
layer is fed into a series of 3x3 convolution filters and ReLu
activation to predict the class labels for each pixel. The
dimension of the score map has the height and width of the
lower-scale feature and the class number of a corresponding
dataset. The other predictions have the same process.

In order to gain the completed information from three
predictions, the final map is calculated by equation 1

C HxW

SS = Z Z (U(Lij) +U(M;5) + U(Sij)

i=0 j=0

1

where SS is the semantic segmentation result. L, M, and S
are prediction 1, prediction 2, and prediction 3 of multiscale
predictions module. H and W are the height and width of
input resolution, and C' is the class number of the dataset.
Lastly, 7 and j are instant locations of pixels.

III. EXPERIMENTS

In the experiment section, we validate our approach on
Cityscapes and Mapillary Vistas datasets to show the im-
provement in both terms of quantitative and qualitative results.
We train the model by 150 epochs on Pytorch deep learning
framework. We evaluate the proposed method by some stan-
dard metrics such as mean intersection of union (mloU) for
accuracy and frame per second (FPS) for speed.

A. Cityscapes dataset

Cityscapes is a public segmentation dataset for autonomous
applications. The data involves the urban street scenes col-
lected from 50-different countries around the world. It contains
19 objective classes and total 5,000 images with resolu-
tion 1024x2048. The whole images are divided into three
separate sets. The training and validation sets include RGB
images and corresponding ground truths, and the test set only
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TABLE I: Per-class results between proposed method and existing approaches on Cityscapes validation set. Objective categories
are road, side walk, building, wall, fence, pole, traffic light, traffic sign, vegetation, terrain, sky, person, rider, car, truck, bus,

train, motorcycle, and bicycle.

Method [Road swalk build wall fence pole tlight tsign veg. terr sky pers rider car truck bus train mcle bicle [ mloU
AGLNet [13] |97.8 81.0 91.0 513 506 583 63.0 685 923 713 942 80.1 59.6 938 484 681 421 524 678 | 70.1
ESPNet [14] |97.3 78.6 88.8 435 421 493 526 60.0 905 66.8 933 729 53.1 91.8 530 659 532 442 599 | 66.2
FSCNN [15] |974 778 874 397 41.8 350 394 505 885 633 927 657 464 91.0 570 703 565 409 526 /| 62.8
DABNet [16] |97.8 80.7 902 479 481 564 61.8 670 920 695 943 803 59.2 937 460 57.1 350 504 668 | 68.1
CFPNet [17] |97.8 814 90.5 464 506 564 615 67.7 92.1 689 943 804 60.7 939 514 680 508 512 67.7| 70.1
FANet [18] 979 833 916 555 551 603 662 749 91.7 61.8 947 785 58.1 941 768 851 745 507 739 | 750
FPN [10] 975 816 909 463 542 59.1 639 743 913 58.8 93.6 784 56.0 933 540 719 547 59.6 748 | 713
MPNet (ours) |97.7 82.1 920 579 613 61.1 642 742 916 614 940 795 595 939 804 88.0 745 634 756 765

TABLE II: Performance and inference speed comparison be-
tween our approach and other methods on Cityscapes dataset.

Method Resolution mloU FPS
AGLNet [13] 512x1024 70.1 52
TCNet [19] 1024x2048 74.6 16
SwiftNet [20] 1024%20438 75.4 39
ICNet [21] 1024x2048 67.7 38
FPN [10] 1024%2048 71.3 18
MPNet (ours) 1024x20438 76.5 50

has RGB images. The train, validation, and test sets have 2975,
500, and 1525 images, respectively.

We conduct experiments on the Cityscapes to verify the su-
periority of our method. Regarding per-class accuracy, our ap-
proach achieves the best mloU performance on average, shown
in Tab I. The stuff classes involving road, vegetation, or sky
have high accuracy for all approaches. For thing classes, we
analyze the effectiveness of our model based on categories of
objective sizes. Firstly, we observed that our method improves
the large objective accuracy with 3.6% for trucks and 2.9% for
buses compared to the second place, respectively. Receptive
fields of all methods are suitable to capture the medium-sized
car, so the results emphasize outstanding accuracy. Lastly, the
thin-structure classes are fence, motorcycle, or bicycle, so our
method also proves the improvement. Our method does not
achieve the highest accuracy for all classes, but we have a good
trade-off for a wide range of objective sizes on the streets.
The FANet [18] is an example of the class-accuracy unbalance.
They are good for roads or the sky, but the results of walls,
fences, or motorcycles are bad.

To further verify the effectiveness of our method, we
conduct experiments in terms of performance and inference
speed shown in Tab II. Our method accomplishes outstanding
results with 76.5% mloU and 50 FPS on Cityscapes dataset.
Compared with the baseline FPN method that does not
use multiscale predictions module, the proposal approach
overcomes the baseline FPN method [10] in both aspects
of performance and speed where we achieve 5.2% mloU
improvement and have 32 FPS faster. Compared to the highest
accuracy (SwiftNet method [20]), our method achieves an
improvement of 1.1% mloU and significantly surpasses them
in the perspective of speed. AGLNet [13] study has solved the
time consumption hindrance, but the accuracy is deficient with

only 70.1% mloU. The results show that our methodology
sacrifices the performance and reduces the computation for
semantic segmentation.

The qualitative results are validated on Cityscapes dataset
and shown in Fig. 3. We categorize objective classes into
three groups to analyze our study’s effectiveness. Our approach
has good results in different examples. The traditional FPN
only has good results for medium sizes such as cars. For
narrow structures of poles, traffic lights, or people, our study
recognizes them much better than the FPN method. The
baseline cannot capture the complete information of large
objects, so it lacks the global context. Proposed multiscale
predictions have effectively boosted prominent characteristics
of each feature, so the method is suitable to segment a wide
range of objective sizes.

TABLE III: Performance comparison between our approach
and SOTA methods on Mapillary Vistas dataset.

Method Resolution mloU
AGLNet [13] 1024x2048 30.7
DABNet [16] 1024x2048 29.6
RGPNet [22] 1024x2048 41.7
FPN [10] 1024x2048 40.2
MPNet (ours) 1024x2048 43.9

B. Mapillary Vistas

Mapillary Vistas is a complex segmentation dataset. It
contains a total of 65 objective classes in which some classes
are tough challenges for all approaches, such as CCTV camera,
ground animal, or parking. The data is gathered around the
world under various weather conditions and has a long range
of resolutions. It includes 20,000 images separated into two
different sets. There is the training set with 18,000 images and
the validation set with 2,000 images.

We also conduct experiments on the Mapillary Vistas dataset
to show the effectiveness of our method. The performance
comparison between our method and other state-of-the-art
methods is illustrated in Tab III. As a result, we achieve an
mloU of 43.9%. Compared to the FPN approach, the perfor-
mance of the model is improved by 3.7% mloU. Compared
to the highest accuracy obtained by RGPNet method [22], our
method has increased by 2.2%. Our accuracy is much better
than AGLNet [13] and DABNet [16] approaches with 13.2%
and 14.3% improvement, respectively.
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Finally, we visualize the qualitative results of the base-
line FPN method and proposed method on Mapillary Vistas
dataset shown in Fig. 4. Our method effectively captures a
wide range of objective sizes, illustrated in the red bounding
boxes. Compared with the baseline FPN visualization, we
observed that our model segments small objects with more
precise and smoother outputs.

IV. CONCLUSION

According to the characteristics of the FPN backbone, this
study proposes multiscale predictions module to process useful
features effectively. The novel module with three parallel pre-
dictions is suitable to segment a long range of objective sizes
from complex street scenes. Additionally, the ASPP module
is deployed to obtain multi-scale contextual information for
each prediction and does not increase the parameter numbers.
Both quantitative and qualitative results demonstrate that our
proposal outperforms the other existing methods on different
public datasets. Our model not only sacrifices the performance
but also accelerates real-time application. In the future, we
determine to improve the model accuracy by using a heavier
architecture and devising the fusion module for multiscale
predictions.
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Image Ground truth Baseline FPN Ours

Fig. 3: Visualization of the baseline FPN method and our proposal approach on Cityscapes dataset

Image Ground truth Baseline FPN Ours

Fig. 4: Visualization of the baseline FPN method and our proposal approach on Mapillary Vistas dataset




