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Abstract—In deep convolution neural network based models
for semantic segmentation, diverse receptive fields improve the
performance by capturing disparate context information. Multi-
scale inference is good for both thin and large objects. However,
the final result is not optimal through averaging or Max pooling
combination. In this paper, we propose an approach to take
advantage of multi-scale predictions. Our uncertain-pixels part
discovers the worse prediction of a low scale and chooses the
complement from a high scale. The final output is effectively
merged from two scales. We validate our proposed model with
a series of experiments on different datasets. The results achieve
the accuracy and speed for real-time semantic segmentation. On
Cityscapes dataset, our network achieves 76.3 % mloU at 50 FPS,
and on Mapillary, 42.6 % mloU.

Index Terms—Multi-scale, semantic segmentation, real time.

I. INTRODUCTION

In the age of artificial intelligence (AI) advances and the
high qualities of modern computers and cameras, several
applications in the fields of robot vision and self-driving cars
have remarkable developments. Semantic segmentation plays
an important role in the input information of the autonomous
system. It is utilized to recognize and understand what is in the
image at pixel levels. This method assigns labels to specific
regions of an image. The performance has been directly
affected by accuracy segmentation and inference speed.

In the semantic segmentation revolution, we briefly review
the proposed approaches after the deep learning emergence.
The Fully Convolution Networks (FCNs) [1] pioneer the way
to build the deeper structures of models. The method extracts
image features through hierarchical convolution layers after
utilizing the last one to predict the segmentation. At that time,
the output results have reached an excellent benchmark and
significantly impacted the field. Characteristics of the final
layer are deep features and low resolutions. To overcome low
resolution drawback, DeeplabV3 [2] enrich spatial contextual
information by deploying dilated convolutions with flexible
rates. Another problem of FCNs, the gradient values are
gradually inclined to zeros, so the process suffers the loss
of importation details. Skip connections are introduced and
provide an alternative path for the gradient by adding infor-
mation of lower layers to higher layers [3]. The combination
of multiple skip connections and multi-dilated convolutions
enhanced accuracy [4].
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Throughout the improvement of semantic segmentation,
novel methods concentrate on enhancing the accuracy and
speed inference. Early, they address the problem of segmen-
tation in class categories. They propose region-based object
detectors with scanning-windows part models and global ap-
pearances to obtain quality object segmentation [5], a com-
bination of regions and convolution neural network (CNN)
to boost the performance [6], room-out the regions to obtain
a higher resolution in [7], and exploit a multi-region to rich
representation [8]. The accuracy is gradually improved over
time. Later, innovative approaches focus on real-time semantic
segmentation with high accuracy. To attain real-time, we need
to deal with spatial information for high accuracy as well.
The rich spatial information is captured by a new design
with a small stride [9], an effective fast attention with cosine
modification [10], and incorporation between high-resolution
global edge and low resolution [11]. In these ways, we can
achieve 74.4 % at 72 FPS on Cityscapes dataset or 68.4 %
with 105 FPS on COCO datasets. When features have high
resolution, multi-scale inputs are proposed to capture diverse
context information [12], [13].

In this paper, we propose multi-scale synergy approach
for real-time semantic segmentation. We use two different-
size inputs. One is remaining as a high scale, and the other
is downsampling by 2 as a low scale. In order to leverage
advances from both scales, we deploy the uncertain-pixel
determination that detects the bad prediction of the low scale
and effectively fuses the predictions from two scales. We
achieve high results on Cityscapes 76.3 mloU and 50.1 FPS,
and on Mapillary 42.6 mloU.

II. RELATED WORKS

Semantic segmentation demands spatial information to re-
solve fine detail. When the resolution is high, it causes the
receptive field to be shrunken. In this case, the receptive field
is small, it is hard to cover the whole context of large objects.
It leads the bad prediction for large objects. Many approaches
are proposed a contextual combination from multiple scales.
Multi-scale context can be obtained from various levels of
pyramid pooling [14] or different rates of dilation [15]. In [16],
author builds the architecture with two different-size inputs.
The small scale is used to get contextual information and the
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others are used for generating spatial detail. An image cascade
network with multi-resolution branches is proposed in [17].
The score maps of multiple scales are combined by averaging
or max-pooling methods to generate the final output. With the
average method, each pixel value is the result of an average
combination between a pair scale or all scales. It leads to the
problem of combining the best predictions with poorer ones.
Instead of selecting only one of N scales like Max-pooling,
We propose a novel method to combine two scale inputs via
the uncertain-pixel determination part. The uncertain-pixel part
keeps the best prediction of the low scale and improves the
uncertain parts through the high scale complement.

III. METHOD

In this section, we introduce three main parts. The uncertain-
pixels determination for low scale segmentation is described
in section III-A. An overview of the proposed architecture is
shown in section III-B. Lastly, we will represent the optimiza-
tion function III-C

A. Uncertain-pixels determination for low scale segmentation

pred

.

Fig. 1: Illustrate uncertain masks of the prediction. The
rows are images, labels, prediction masks and uncertain-
pixels masks of the prediction, top to bottom respectively.
The uncertain pixels are pixels at prediction which have high
probabilities of wrong labels. The white color indicate the
uncertain areas.

In general, the semantic segmentation of large objects in
the image such as buildings, sky, or trucks always have
good predictions, contrast narrow objects like poles, fences,
traffic lights, etc. will have low precision. Moreover, object’s
boundaries are the most uncertain prediction. To achieve high
accuracy, we intend to deal with the precision of narrow
objects and boundaries.

In the networking, the trunk generates separately the final
map for each scale, including N_classes channels of the
datasets. We subtract the chosen final segmentation by one
to produce 1-segmentation layers” or uncertain layers. The
pixel’s values of the uncertain layers are depended on those
of the final segmentation layers. Pixels at the object’s body
have one probability much higher than the others, but pixels
at the boundaries will have at least two high probabilities

which are nearly equal. For clear understanding, we make a
prediction step for an explanation. Fig. 1 includes images,
labels, prediction masks, and uncertain-pixels masks. The
final layers are predicted to generate prediction masks. The
uncertain masks are utilized to determine which parts have of
the prediction have high probabilities of wrong labels.

In our proposed method, the uncertain masks are generated
from the lower scale. The low scale predicts good results with
large objects, especially near the screen. The fourth row in
Fig. 1 shows that the uncertain areas have a white color and
locate at boundaries and far away from screens. The main
function of this mask tweaks the high scale to more focus on
the white color.

B. Proposed structure

Fig. 2 illustrates the proposed architecture, including three
main components. Firstly, there are two scales as inputs. The
low scale is 0.5x and the other is 1.0x. Second, we utilized
the model Deeplabv3+ with ResNet-50 as trunk. The shared
weighted model employs for generating score maps for all
scales. Lastly, the combination of two scales is demonstrated
in the dash-line box which is executed in pixel-wise levels.

We visualize the combination part for obviously understand-
ing, depicted in the red box. N_classes channels, generated
by trunk, are passed through the Max function to predict the
segmentation label for each location. As mentioned above, the
segmentation of a low scale is focused on the near screen.
It achieves good precision with large objects such as roads,
cars, but it gets worse for small objects, shown in the red box
of Fig. 2. Inversely, the segmentation label of a high scale
has a better result at a far screen. The primary hinder of
the high scale is not covering the whole necessary context
of large objects, especially large objects near the screen. Our
target is to take advantage of both scales. Instead of utilizing
max pooling or average pooling methods for the combination,
we deploy an uncertain-pixels determination for the network.
The uncertain mask is produced from a low scale. This mask
detects precarious labels of the low scale, assigned in white
color in the mask. The white color appears at the far screen,
small objects, and particularly at the object’s boundaries. The
white color indicates attentive locations and the others are
non-attentive. The uncertain mask will select which parts
of the high scale mainly contribute to the final output. The
contributions by multiplying between the uncertain mask and
the high scale are object’s boundaries, small objects, and far
screen objects. conclusively, the advance of the uncertain mask
leverages all best predictions and almost neglects the worst
prediction of the high scale.

In our proposal, the weight output is excellently merged
by two scales. The objects on the far screen are mainly
contributed from both scales. The final segmentation map is
calculated as equation 1.

SZU(SlO)+Shi*U(1—Slo) (1)
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Fig. 2: Structural diagram of the proposed multi-scale synergy approach. The red box is prediction step for explanation. In the
uncertain-pixel mask, the white color indicates a high value, and the dark color is small value.

where S and U are the semantic segmentation and the
bilinear umsampling operation, respectively. Two input scales,
”lo” denote as low and "hi” is high scale.

C. Optimization

We use Stochastic Gradient Descent (SGD) for our opti-
mizer. SGD performs frequent updates with a high variance
that cause the objective function to fluctuate heavily. SGD
in contrast performs a parameter update for each training
example x; and label y;:

0 =60—nAgJT(0; ;) (2)

where 6 is stochastic gradient decent, Ay and [J(6) are
gradient of the objective function and an objective function

For loss computation, we utilize a Cross-Entropy to calcu-
late the losses. The Cross-Entropy is measured how accurate
the model is in predicting the data shown in equation 3.

1 N
~ O (~ui log(pi)) 3)

i =1

L =

where L and N are the loss and the size of dataset,
respectively. p; denotes the segmentation predicted probability,
and y; is true labels.

The last formula, intersection over union (IoU) is an evalua-
tion metric used to measure the accuracy of an object detector
on a particular dataset shown in equation below.

|Target N Prediction|
|Target U Prediction|

IV. EXPERIMENTS

IoU =

“)

In experiments, we use the following standard measures:
mini-batch stochastic gradient descent (SGD) for the opti-
mizer, cross-entropy loss function, intersection of union (IoU),
and fame per second (FPS). We trained the model on an Nvidia
Titan X with 12GB of GDDR5X memory for the Cityscapes
dataset, and a GeForce RTX 3090 with 24GB of G6X memory

for Mapillary. We train for 150 epochs with a batch size of 2
per GPU, a momentum of 0.9, weight decay of Se—4, and a
batch size of 2 per GPU. With an initial learning rate of 0.01,
we use a polynomial learning rate.

A. Cityscapes dataset

Cityscapes dataset consists of 5,000 images with 19 seman-
tic classes captured from 50 different countries. The resolution
is 2048 x 1024 pixels. The whole dataset is partitioned into
three sets training, validation, and test. There are 2,979 images
in the training set, 500 images in the validation set, and 1,525
images in the test set.

In Table I , we demonstrate the class-accuracy compari-
son. The performance displays a reasonable balance between
thin objects and large objects compared to Previous SOTA
methods. Our proposed model achieves 76.3 % mloU. In
Table II, the results show that our model outperforms existing
approaches for segmentation accuracy while still achieving
real-time implementing efficiency. Although FANet [10] has
a faster speed than ours, our proposal gets 1.3 mloU greater
than them in an accuracy improvement. conclusively, Our ap-
proach performs effectively in terms of accuracy and speed on
Cityscapes dataset. Qualitative results are visualized in Fig. 3a

B. Mapillary Vista

Mapillary Vista is a large dataset collected from city streets
around the world. It consists of 25,000 images with 66 object
categories, and the images have various resolutions. Due
to large number of classes and high resolution, images are
cropped to 2177x1632 pixels to reduce the computation and
memory requirement.

In this section, we evaluate and compare the segmentation
accuracy with other methods such as AGLNet [25], DAB-
Net [21], RGPNet [27]. With 66 classes, our approach still
catches 42.6 mloU for segmentation accuracy. Table III show
that our method surpasses other approaches, particularly DAB-
Net. Finally, Qualitative results are visualized in Fig. 3b
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Method [Road swalk build wall fence pole tlight tsign veg. terr sky pers rider car truck bus train mcle bicle | mloU
CGNet [18] 97.7 81.0 89.8 425 48.0 562 59.8 653 914 682 942 768 57.1 92.8 50.8 60.1 51.8 473 61.7| 68.0
EDANet [19] 97.8 80.6 89.5 420 46.0 523 59.8 650 91.4 68.7 93.6 757 543 924 409 587 560 504 640 67.3
ESPNet [20] 973 78.6 88.8 435 421 493 526 60.0 905 66.8 933 729 53.1 91.8 53.0 659 532 442 599 | 66.2
DABNet [21] 97.8 80.7 90.2 479 48.1 564 61.8 67.0 920 69.5 943 803 592 93.7 46.0 57.1 350 504 66.8 | 68.1
CFPNet [22] 97.8 8l.4 905 464 506 564 615 67.7 921 689 943 804 60.7 939 514 68.0 50.8 512 67.7]| 70.1
RELAXNet [23] | 98.94 849 922 572 548 643 70.6 740 93.0 71.8 94.8 83.7 644 95.1 58.6 727 582 599 71.8| 74.8
DSANet [24] 96.8 785 912 505 508 594 640 717 926 70.0 945 81.8 619 929 56.1 756 50.6 509 668 | 71.4
FANet [10] 979 833 91.6 555 551 603 662 749 91.7 61.8 947 785 58.1 94.1 76.8 85.1 745 50.7 739 | 75.0
AGLNe [25] 97.8 81.0 910 513 506 583 63.0 685 923 713 942 80.1 59.6 93.8 484 68.1 42.1 524 67.8]| 70.1
Ours 979 839 920 60.1 602 594 63.6 746 91.8 619 943 786 59.6 942 80.1 87.1 753 62.56 733 | 76.3

TABLE I: Class-accuracy comparison on the Cityscapes dataset. List of classes from left to right: road, side walk, building,
wall, fence, pole, traffic light, traffic sign, vegetation, terrain, sky, person, rider, car, truck, bus, train, motorcycle, and bicycle.

Method Resolution mloU | FPS
AGLNet [25] | 512 x 1024 70.1 52
FANet [10] 1024x2048 75.0 72
ICNet [17] 1024x2048 67.7 38
BiseNet [9] 768x1536 74.8 47
SwiftNet [26] 1024x2048 75.4 40
Ours 1024x2048 76.3 50

TABLE II: Accuracy and speed comparison of proposed
method against other SOTA methods on Cityscapes.

Method Resolution | mloU
AGLNet [25] 1024x2048 30.7
DABNet [21] | 1024x2048 29.6
RGPNet [27] 1024x2048 41.7
Ours 2177x1632 42.6

TABLE III: Accuracy comparison of proposed method against
other SOTA methods on Mapillary Vista.

V. CONCLUSION

In this work, the multiple scales help capture the con-
textual information at different receptive fields. We propose
an uncertain-pixels determination which brings an effective
way to combine multiple scales at element-wise levels. Our
approach shows the improvement in segmentation accuracy
while still achieving real-time implementing efficiency. Due
to the hardware limitation, we just use a lightweight network
for our method. In the future, we will implement on a heavy
network to enhance the accuracy.
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