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Dear editor,

Modern semantic segmentation, which has important appli-

cations such as medical image analysis, image editing, and

video surveillance, has made remarkable progress using deep

convolution neural network models. Recently, an efficient

real-time semantic segmentation method has received con-

siderable attention, as intelligent edge devices not only have

faster inference speed requirements for semantic segmenta-

tion models but also cannot rely on the cloud services of data

centers. There are two feasible approaches to develop an ef-

ficient semantic segmentation model. The first approach is

by designing efficient models: designing and developing the

models’ architecture from scratch (e.g., ENet [1]). The sec-

ond approach, which is less common but increasingly popu-

lar, is network compression: to develop light-weight models

(e.g., ICNet [2]) with pruning methods [3] that are widely

used in image classification tasks. However, both these ap-

proaches are difficult to follow to develop light-weight and

fast semantic segmentation models without compromising

on the accuracy of the models.

In this study, we investigate a salient question: whether

other important factors can achieve better accuracy and why

previous studies disregard these factors. In previous studies,

the resolution of high-resolution images is usually reduced

before training semantic segmentation models on graphic

processing units (GPUs). For instance, the 2048 × 1024 res-

olution Cityscapes dataset [4] is usually randomly cropped

or resized to half (1024 × 512) or quarter (512 × 256) of

the original resolution. However, our empirical study shows

that cropped images lose content information, and resized

images destroy image details. Image content information

and details are useful for ensuring high accuracy of small

semantic segmentation models. Also, owing to the limita-

tions of GPU memory, previous studies are unable to use

the original resolution of high-resolution images to train se-

mantic segmentation models. For example, to successfully

train the ENet, which has only 0.36 million parameters, on

one GPU (12 GB), input images have to be reduced to 1024

× 512 resolution. Although it is possible to train semantic

segmentation models with the original resolution of high-

resolution images on multiple regular GPUs (one GPU card

per image), some larger models, which have higher accuracy

and more parameters than ENet, cannot be trained with a

single high-resolution image on one GPU card. Therefore,

larger GPU memory devices such as NVIDIA Tesla V100

(32 GB) have to be adopted, although they are expensive,

which limits researchers from exploring other approaches to

develop efficient semantic segmentation models.

This study aims to determine an effective approach to

train semantic segmentation models with high-resolution

images on one GPU (12 GB) and consequently, develop

light-weight, fast-speed, and accurate semantic segmenta-

tion models. Hence, we propose a novel versatile network

(VNet), which is mainly based on versatile module (V mod-

ule) and contextual pyramid pooling (CPP) module, as

shown in Figure 1. The V module comprises two parts: a

reversible function and asymmetric convolution layers. For

efficient memory management, the reversible function [5] is

adopted so that input feature maps can be computed from

the function’s output. When we stack more reversible mod-

ules, only the final feature map needs to be cached. Thus, in

back-propagation, the intermediate feature map can be cal-

culated by the inversion property of reversible modules. The

specific calculation formulation for the forward-propagation

can be formulated as

X = [X1,X2],

Z = X1 + F1(X2),

Y1 = Z,

Y2 = X2 + Z,

Y = [Y1, Y2],

(1)
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Figure 1 (Color online) VNet architecture and the corresponding experiments on an NVIDIA TITAN Xp and an NVIDIA Jetson

Tx2.

where X is the input feature map, which is concatenated on

the channel dimension of feature map X1 and X2, and Y is

the output feature map. Through this expression, the input

feature map X does not need to be stored, only the output

Y requires to be cached. The corresponding backward of

reversible function is

Y = [Y1, Y2],

Z = Y1,

X2 = Y2 − Z,

X1 = Z − F1(X2),

X = [X1,X2].

(2)

Furthermore, to reduce the number of training parameters,

the asymmetric convolution [6] has been introduced so that

an n × n convolution kernel can be factorized to an n × 1

convolution followed by a 1×n convolution kernel, and this

factorization works well on medium layers. Herein, we re-

place the 3 × 3 convolution kernel with a 3 × 1 convolution

followed by a 1 × 3 convolution kernel. Thus, we can re-

duce the number of parameters and the computational cost

of VNet by 33% when the number of input filters and num-

ber of output filters are identical.

Contextual information is essential in semantic segmen-

tation. The CPP module is inspired by the pyramid pooling

module (PPM) [7], which acquires features from four differ-

ent global pooling branches. Compared with PSPNet, the

CPP module is designed to reduce the resolution of feature

maps, which concatenates the parallel outputs of point-wise

convolutions with stride – 2 and the sum of PPMs. The

point-wise convolution is a 1 × 1 convolution kernel de-

signed to utilize the channel level contextual information,

which decreases the number of parameters and reduces the

computation cost of VNet. We use the CPP to aggregate

more spatial level contextual information to improve the ac-

curacy.

Experiment. VNet can be trained using multiple high-

resolution images on one GPU (12 GB) and can be effec-

tively deployed on resource-constrained edge devices. In

particular, VNet can process 2048 × 1024 high-resolution

images at a rate of 55.5 frames per second (fps) and 15.5 fps

on an NVIDIA TITAN Xp and an NVIDIA Jetson Tx2 with

only 0.16 million parameters. The accuracy of VNet is 4%

higher than ESPNet, and this is largely due to the training of

VNet with high-resolution images. Also, the number of pa-

rameters of VNet is 2.25× smaller than that of ESPNet (as

illustrated in Figure 1). Moreover, we obtain the energy con-

sumption of VNet on the Jetson Tx2. Owing to the fast in-

ference speed and lower-power consumption of VNet, it has

the lowest energy consumption compared to other models.

For instance, when the GPU frequency is set to 1300 MHz,

the GPU energy consumption of VNet is 78.01 J, which is

1.85×, 1.54×, and 4.5× smaller than of ENet, ESPNet, and

ERFNet [8], respectively. Consequently, our method is more

efficient for battery-powered edge devices.
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