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Real-time segmentation & its challenges 

  In recent years, the application of deep neural networks in mobile systems has 
attracted more attention, and research increasingly focused on building light-
weight, fast networks with an acceptable accuracy for segmentation in real time. 
 

 A vast number of deep neural network (DNN) architectures based on FCN were 
proposed, and demonstrated exceptional progress in this field; however, they are 
often implemented offline due to their low inference speed and high-dimensional 
feature vectors.  
 

 To keep the model light-weight and fast, small feature maps and low-resolution 
images are often used, which can significantly reduce the accuracy. Additionally, 
in encoder-decoder architectures, the image goes through abundant down-
sampling and up-sampling operations, thereby losing much of the finer image 
structure.  
 

 Consequently, the critical information from early and intermediate layers is 
completely neglected, leading to the reduction in the overall performance of the 
network. 
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Motivation 

 Real-time semantic segmentation models proposed recently are mostly multi-
branch architectures, with each branch working at a different resolution.  
 

 The deep branch consists of a series of convolution and max-pooling layers, 
which significantly reduces the spatial resolution. To refine and recover the spatial 
details of segmentation results, the shallow branch is employed.  
 

 Note that early layers of DNNs extract low-level features, such as corners, 
edges/colors, and textures. Moreover, a receptive field of limited size is used in 
earlier layers, and feature pooling strategies such as spatial pyramid pooling 
(SPP) and atrous spatial pyramid pooling (ASPP) are often employed at the end of 
a network to make it more mobile-friendly.  
 

 Consequently, maximum use of early and intermediate features at a high 
resolution is not considered. Therefore, we introduce a stage-pooling network that 
can efficiently extract the features from early layers at a high spatial resolution, 
resulting in sharp edges and corners, which is of utmost importance in semantic 
segmentation. 
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SPSSN: stage-pooling semantic segmentation network 
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SPSSN architecture 
 SPSSN consists of the following 

major parts: 
 

 Learning to downsample module   
 Deep branch 
 Stage-pooling modules 
 Shallow branch 
 Feature fusion module 
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Datasets  

  Cityscapes dataset 
 

 It contains 5000 finely annotated images and 20 000 coarsely annotated images, with 
a resolution of 2048×1024 pixels.  
 

 Following the standard settings of cityscapes, the finely annotated images are split 
into 2979, 500, and1525 images for training, validation, and testing, respectively. 

   CamVid dataset 
 

 It consists of 701 manually annotated images, split into 367, 101, and 233 images 
for training, validation, and testing, respectively.  The images have a maximum 
resolution of 960×720 pixels. 
 

 CamVid consists of 32 classes originally; however, due to the rare occurrence of 
some classes, most literature focused on only 11. 
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Evaluation criteria 

  Evaluation metrics 
 

We adopted primarily three evaluation metrics for performance measurement: 

 

1. The mean intersection-over-union (mIoU) of classes and categories as the 

segmentation accuracy metric  

2. The number of parameters as the computation complexity metric 

3. The number of frames per second (FPS) as the speed metric. 
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Experimental results 
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Experimental results (Cont’d) 

Front In
form

 Technol E
lectro

n Eng



Experimental results (Cont’d) 
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Experimental results (Cont’d) 
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Visual results  
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Visual results (Cont’d) 
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Conclusions 

In this paper, we have proposed a novel stage-pooling architecture for 

real-time image semantic segmentation. The experimental results 

demonstrated that stage-pooling increases the networks ability to use low- 

and intermediate-level features at high resolution. Pooling at different 

spatial dimensions and stages benefits the model to better segment the 

multiple objects in real time for diversely changing environments. The 

stage-pooling technique can increase the efficiency of a network and can 

also be used for other tasks, such as image classification and object 

detection, which will be our future work.  
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