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1
Abstract

Real-time semantic segmentation is a challenging task as the optimal balance between accuracy and ef�-
ciency (computational complexity, memory footprint and execution speed) is hard to achieve. Conventional
lightweight and real-time semantic segmentation architectures usually address only one of the above per-
spectives, thereby making high-accuracy designs computationally expensive and high-speed models rela-
tively inaccurate. In this research, we introduce an approach to semantic segmentation (for images), which
successfully reduces the computational costs by almost 88% and increases the execution speed by a factor
of 1.5 compared to the current state-of-the-art, while maintaining a comparable mean intersection-over-
union score. Building upon the existing multi-branch architectures for high-speed segmentation, we design
a cheap high resolution branch for effective spatial detailing and a context branch with compact asymmet-
ric position and local attention (collectively termed as Context Aggregation Block), potent enough to cap-
ture both long-range and local contextual dependencies required for accurate semantic segmentation, at
low computational costs. Speci�cally, we achieve 76.6% and 75.8% mIOU on Cityscapes validation and test
sets respectively, at 76 FPS on a single NVIDIA RTX 2080Ti and 8 FPS on a Jetson Xavier NX. Our superior
context aggregation techniques also outperform the current state-of-the-art on another public benchmark,
UAVid dataset, by a signi�cant margin of 14%. Codes and pre-trained models shall be made available at
https://github.com/dronefreak/CABiNet.
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2
Introduction

2.1. Motivation and Research Statement
In the domain of computer vision or machine perception, semantic segmentation refers to the process of
dividing a digital image into segments that share similar characteristics. The target of this process is to trans-
form the complex input image into a notation which contains more information and can be easily interpreted
by a machine. In this process, we normally assign a class-label to each and every pixel, such that the pixels
with similar labels have some common features. For instance in Fig. 2.1, the input RGB image is shown on
the left, whereas the semantic labelling is shown on the right, which clearly demarcates the boundaries and
extent of different objects in the RGB image.

(a) RGB Image (b) Ground Truth for Semantic Segmentation

Figure 2.1: Single training sample from the UAVid dataset [60]

Semantic segmentation has found applications in several aspects. As we map every pixel into a target
class, land usage mapping in satellite imagery becomes a very potential use-case. Land-cover information
in turn, could be important for monitoring forest cover [17], agricultural lands [20] and urban settlement ex-
pansion [47, 98, 107]. This use-case relies on multi-class semantic segmentation, thereby partitioning roads,
buildings, urban settlements etc into different segments. Another application is the �eld of self-driving cars
or autonomous machines to be more general [67, 72, 73]. Autonomous driving is a very complicated task, re-
quiring control, perception and accurate decision-making, all happening together within complex and vari-
able environments. Furthermore, all operations in this aspect need to be extremely precise as safety is of
utmost priority. Image segmentation techniques [7, 67, 72, 73, 78, 112, 113] can provide information about
nearby objects, free space on roads, ego-lanes etc. more accurately than conventional object-detection and
recognition algorithms, especially in the case irregular shaped objects like roads etc.

Facial segmentation is another extensively researched �eld, where age/gender prediction, expression
recognition etc. become easier if the eyes, nose, mouth and other facial features are accurately segmented
and separately studied [45, 75, 83, 85, 86]. It is to be noted that facial segmentation is affected by factors
like face orientation, expressions and other environmental factors. Another very challenging task is cloth-
parsing, i.e. understanding the type of fabric/cloth is present or used for manufacturing a certain product.

7



8 2. Introduction

Clothing parsing is more challenging than others because there are immense number of classes to be cate-
gorized [21, 35, 50, 111], which is coupled with the fact that �ne-grained clothing segmentation may require
additional post-processing techniques to acquire reliable results.

Semantic segmentation also has applications in medical imaging [37, 38, 81, 91]. For instance, radiol-
ogists and other specialists have to analyse multiple medical images for a reliable diagnosis. However, the
complexity in medical imaging like overlapping regions, contrast etc. can cause trouble to even trained spe-
cialists and hence, systems employing semantic segmentation could provide assistance to these professionals
in understanding the images better [8, 25, 92]. Now that we have established the potential of the concept of
semantic segmentation, we would like to introduce this research, where we develop a strategy for urban scene
understanding speci�cally.

2.2. Research Objectives and Expected Outcomes
The primary objective of this research is to develop a robust, convolutional neural network (CNN)-based
design for real-time urban scene understanding, which has an optimal balance between computational ex-
penses, execution speed and the overall prediction accuracy. Speci�cally, we perform the below-mentioned
tasks in this research:

1. Conceptualize an effective semantic segmentation architecture for real-time applications

2. Implement and train the above conceptualization in a targeted deep learning framework on public
benchmarks

3. Validate and test the methodology on the testing sets of the chosen benchmarks

4. Compute inference speeds on mobile platforms

5. Provide a detailed comparison between the state-of-the-art real-time segmentation architectures and
our proposed method

We further break down each of the aforementioned points into research aspects (RA) to make the overall
analysis easier.

2.2.1. RA 1 - Conceptualization
Semantic segmentation for urban scene understanding has been addressed using various techniques. Con-
ceptualization hence, can be further broken down into the following:

• Determine the speci�c feature requirements for accurate semantic segmentation

• Analyze how different architectures ful�ll the above requirements

• Analyze the computational requirements of the above models

• Based on the above two analyses, determine which design is best suitable for fast semantic segmenta-
tion

• Analyze the shortcomings in the best selected architecture and look for possible remedies

So this is the stage where the shortcomings have been effectively studied and in the next stage we move
on to implementing the newly designed strategy.

2.2.2. RA 2 - Implementation
A lot of deep learning frameworks are available today like TensorFlow [1], PyTorch [70], MXNet [13] etc. MAT-
LAB also has support for deep learning applications, although multi-GPU con�gurations could be a bit tricky.
Considering the ease of programming which allows the user to focus more on the architecture, we decided
to move ahead with PyTorch [70], because it has a very consistent programming structure, full GPU sup-
port including multi-GPU setups and supportive documentation. Now once the draft model is ready (which
attempts to solve the shortcomings in the best selected architecture tentatively), the need for training on
datasets arises, so there is yet another list of questions that need to be answered:
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• Determine the most commonly used public benchmarks for semantic segmentation

• Determine the types of challenges the chosen datasets present, like scale variations, class imbalance
etc.

• Determine the type of problem the aforementioned design attempts to resolve

• Determine the label encoding and data-loading techniques for the chosen datasets

Once the data-loaders are ready we needed to initiate my training, where several parameters needed to be
determined before-hand. For instance, the batch-size, total training iterations, initial learning rate, learning
rate manipulation, etc. In order to determine these parameters, we read several state-of-the-art articles and
experimented with different settings. All these values have been discussed in the later sections of this report,
which were used to train the �nal model.

2.2.3. RA 3 - Validation and Testing
Once a deep learning architecture has been trained, it needs to be evaluated and tested on the evaluation
sets and testing sets respectively. Once again this domain involves answering certain questions for effective
progress to the next stage:

• Determine the metrics for evaluation and testing, based on the problems that the proposed design
attempts to solve

• Determine the validation strategy like k-fold etc. and the parameters like crop size, batch-size etc.

• Obtain predictions on testing sets and submit to the of�cial servers for �nal evaluation

Once we have the above results with us and if they are satisfactory, we move on to the next stage of infer-
ence.

2.2.4. RA 4 - Inference on Mobile Platforms
Real-time architectures are usually, in literature, benchmarked on high-end GPUs, like Titan XP or Titan V.
Inferencing on full scale GPUs like Titan X, RTX20 series etc. is unlikely to provide a real-world analysis,
as self-driving cars and other autonomous vehicles like UAVs or UGVs are more likely to have low-power
consumption modules, with limited memory resources like Drive AGX, Jetson TX2, Xavier NX etc. Hence, it is
important that we choose a low-power consumption module for inference that has a better real-world value.

2.2.5. RA 5 - Comparison with SOTA and Others
As we mentioned earlier, most of the real-time models are not benchmarked on embedded platforms. Hence,
it is important to:

• Check for the of�cial implementations of the SOTA architectures

• Benchmark the of�cial models on an embedded platform

• Compute GFLOP, MAdd count and the execution speed on a common input resolution for reasonable
comparison

• Highlight the advantages (or disadvantages, if any) of the proposed model over SOTA

So in a nutshell, the innovation in this research is aimed at developing a neural architecture that requires
lesser memory footprint, has lesser computations thereby a larger inference speed and a comparable overall
mIOU score as compared to the SOTA.

2.3. Report Structure
The following document contains 7 chapters. We begin with a detailed related work analysis, and complete
each of the above mentioned stages in a sequential order. The above mentioned strategy complies more
or less with the overall structure of the report and the research questions have been answered in respective
sections. In the last two chapters, we present certain possible improvements that could be made and present
a short conclusion for this research.





3
Related Work

The concept of image segmentation can be broadly classi�ed into three major categories, namely, semantic
segmentation, instance segmentation and panoptic segmentation. Each of the three essentially aim to map
every pixel in the image to a certain possible category, but they differ in their core concepts and �nal visu-
alizations. Semantic segmentation related literature has been covered in detail as it is the focal point of this
research. Instance and panoptic segmentation techniques have been covered brie�y. Some commonly used
strategies for image segmentation have been shown in Fig. 3.1.

Figure 3.1: Common image segmentation strategies found in literature. Starting from left we have dilated convolution technique
utilized by [11, 114]. Second is the standard FCN [58, 65] type structure, also called as U-Net [80] or Encode-Decoder [11, 44, 109, 123].
Next up, is the triple stage fusion strategy proposed in [119], and the last technique is a generic multi-branch architecture design which

we use as a baseline in this research.

3.1. Semantic Segmentation
Semantic segmentation has witnessed a signi�cant research input, thereby resulting in various methodolo-
gies and their numerous possible variations. In this chapter, instead of writing about every semantic seg-
mentation paper in a random fashion, I categorize them into multiple domains thereby covering the different
designs more effectively.

3.1.1. FCNs
The realm of semantic segmentation was revolutionized in 2015, when the concept of using fully convolu-
tional networks was established by Long et. al. [58]. They adapted the feature representation of commonly
used image classi�ers like AlexNet [41], VGG [90] etc. into fully convolutional networks and �netune the rep-
resentations on segmentation tasks. Similarly, Noh et. al. [65] also implemented a learning-based deconvolu-
tion network for enhancing the spatial information from the previous encoding module. These architectures
are commonly termed as encoder-decoder designs, where the �rst part, the encoder, enlarges the receptive
�eld by reducing the size of the convolution features. Then the next block upsamples the downsized feature
vectors to create a full-scale semantic prediction of the input image. Skip connections were introduced in [3]

11



12 3. Related Work

and [4] to improve the learning performance of decoders. A study on the importance of global context encod-
ing for fully convolutional networks was performed by Zhang et. al. [116], where a novel context encoding
module was introduced for selective strengthening of class-wise feature maps.

3.1.2. CRFs
A unique discriminative probabilistic modelling technique in machine learning that handles contextual in-
formation embedding effectively. Introduced in 2001 by Lafferty et. al. [42], the concept has been widely
implemented for several computer vision applications like object recognition and gesture prediction [74, 82,
100, 103]. Modern research approaches incorporate CRFs for image segmentation as well [7, 22, 62, 97, 104].
This concept was introduced in 2014 by Chen et. al. [10], where they were able to make the design end-to-end
trainable and achieved better results when compared to the then state-of-the-art algorithms. [7, 97] used the
Gaussian variations of CRFs for semantic segmentation.

3.1.3. Spatial Pyramid Pooling
This concept was introduced in 2015 by He et. al. [28] to tackle the challenge of arbitrary input sizes for
convolutional neural networks. Putting the concept to test in visual object recognition, the methodology out-
performed all the previous architectures. With this inspiration, later in 2017, Chen et. al. [12] modi�ed the
original pooling module by replacing the pooling layers with dilated convolutions of variable weights, specif-
ically for the target of semantic segmentation, thereby creating a new atrous spatial pyramid pooling module
(ASPP), which became the gold standard for encoder-decoder architectures. Zhao et. al. [118] further im-
proved the overall results by strategically placing the pooling module after certain layers for effective context
embedding over different scales. Recently, improvements were suggested for ASPP module considering its
computational requirements [31, 57] and its restricted receptive �eld [109], which assist in overcoming the
limitations.

3.1.4. Self Attention
Attention modules have the capability to model long-range dependencies, and several researchers have em-
ployed the concept of attention in various works [51, 54, 87, 96]. The introduction of attention to machine
understanding was achieved �rst in [54], where the global dependencies of inputs were learnt, which were
then applied to natural language processing. Since then, a lot works have utilized this concept for several
scene understanding tasks at both single and multiple scales [23, 34, 48, 76, 94, 120, 121], thereby outper-
forming the previous conventional context embedding methodologies. Oktay et. al. [66] apply the concept of
attention-based segmentation to medical imaging, whereas Niu et. al. [64] employ it for semantic segmenta-
tion from aerial images.

3.1.5. Convolution Variations
In order to further optimize the performance of semantic segmentation models, several researchers have
often used different convolution strategies like atrous convolutions [11, 12], dilated convolutions [71], depth-
wise convolutions [72, 73] etc. It was also established in [71], that large kernel sizes could be key to effective
spatial detailing for accurate semantic segmentation.

3.1.6. Real-time Semantic Segmentation
Coming to the focal point of this research, real-time segmentation has addressed using multiple approaches.
Romera et. al. [78] proposed to use factorized convolutions with residual connections for maintaining a
balance between accuracy and execution speed. Poudel et. al. [72] suggest a dual-branch network with bot-
tlenecks to effectively capture local and global context for fast segmentation. Later they propose an improved
learning-to-downsample module in [73] for improved trade-offs between execution speed and accuracy. Two
other highly accurate dual-branch segmentation networks were suggested by Yu et. al. [112, 113], where
they designed novel feature fusion and attention re�nement modules for accurate semantic segmentation
tasks. In the second work, they redesign the feature aggregation methodology to further improve the exe-
cution speed, at considerable costs of accuracy. Multiple encoder-decoder pairs with multi-scale skip con-
nections were also studied in this regard in [123]. This ensemble of shallow and deep paths is viewed as a
shelf of multiple networks allows for effective feature representation with shallower backbones like ResNet-
34, as compared to [112, 118]. Triple branch cascaded feature fusion strategy was extensively studied in [119],
with signi�cant resource consumption. Another approach to real-time segmentation is by using depth-wise
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asymmetric bottlenecks [43], which theoretically provides for suf�cient receptive �eld as well as captures
dense context.

Neural architecture search techniques have proven to outperform the state-of-the-art designs in several
aspects such as image classi�cation [31] etc. which search optimal building blocks of networks. These search
techniques however, fail to determine several other crucial aspects such as depth, downsampling etc. Sun
et. al. proposed join-search framework which automates the search of optimal building blocks, as well as
network depth, downsampling techniques and feature aggregation. Recently, graphic-guided architectural
search pipelines were suggested in [52], which assist in alleviating the mechanical inputs researchers have to
put in while designing real-time scene comprehension models. They introduce a novel search mechanism
which explores through cell-level diversity and latency-based constraints.

Another context-focused research was published by Jiang et. al. [36] where they introduced context re-
�nement and context integration modules for ef�cient scene segmentation. They employ dense semantic
pyramids with image-level features, which encode contextual information while maintaining a large recep-
tive �eld. An interesting technique of calculating spatial and contextual features was recently presented in
[26], where the spatial details are evaluated in the forward path and the context is recorded in the backward
�ow. Light-weight feature pyramid encoding model was suggested in [56], which is an adaptation of the regu-
lar encoder-decoder architecture with depth-wise dilated convolutions. Multi-scale context aggregation was
presented in yet another couple of approaches [89, 117], where [89] uses class boundary supervision to pro-
cess certain relevant boundary information and [117] use optimized cascaded factorized ASPP module to bal-
ance the trade-offs between accuracy and execution speed. Orsic et. al. [67] developed a methodology which
exploits light-weight upsampling and lateral connections with a residual network as the main recognition
engine for real-time scene understanding. This particular algorithm is deemed as the current state-of-the-
art network for real-time semantic segmentation on Cityscapes test dataset, whereas for the UAVid dataset,
multi-scale dilation net [60] is the state-of-the-art.

3.2. Instance-aware Semantic Segmentation
Instance-aware semantic segmentation or instance segmentation is the process where the algorithm attempts
to identify each instance of the different objects present in the image, instead of categorizing each pixel into
a label class. For example, if there are �ve cars in an image, instead of labelling all cars with a single label, it
will label each car separately. An illustration can be seen in Fig. 3.2.

Figure 3.2: Instance-aware semantic segmentation outputs from Mask-RCNN [29]. Best viewed in color.
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3.2.1. Mask-RCNN
Mask-RCNN [29] was introduced in 2017 and it became the glod standard for instace-aware semantic seg-
mentation. This algorithm has two stages, similar to its predecessors Fast-RCNN [101] and Faster-RCNN [77],
a region proposal network (RPN) and the �nal stage of classi�cation and mask generation. The primary fea-
ture extractor for this network is either ResNet-50 or ResNet-101. RPN generates associated outputs for every
anchor (set of prede�ned locations) and the mask generation and alignment is taken care by the ROI Pooling
and ROI Align operations. In the end of the network, there is a �nal convolution layer that generates 28 £ 28
sized features which represent the possible masks and they are later upscaled during inference to match the
size of the ROI bounding box.

3.2.2. Other Techniques
Bai et. al. [5] introduced a simple intuitive technique for instance segmentation based on the classical wa-
tershed algorithm fused with deep learning, as opposed to other approaches to instance segmentation that
employ complex techniques such as CRFs [42], RNNs [79] RPNs [29, 77]. Romera et. al. [79] suggested a se-
quential approach to �nding objects in an image and their associated instances one at a time, using recurrent
neural networks. Hybrid task cascading was suggested in [9], where the authors adopted a FCN to generate ef-
fective spatial details and interweave the cascaded re�nement into a single join multi-stage processing block.
Real-time instance segmentation on the MS-COCO dataset [53] was also suggested in [6], which achieved 35
FPS on a single Titan XP GPU.

3.3. Panoptic Segmentation
The concept of panoptic segmentation was introduced in 2019 by Kirillov et. al. [40], which basically uni�es
the concepts of both semantic and instance segmentation. This requires the generation of a coherent and
complete scene segmentation head. An illustration is shown in Fig. 3.3.

Figure 3.3: Panoptic Segmentation illustration. Starting from left, semantic segmentation is shown, followed by instance-aware
segmentation and the rightmost image shows the uni�cation of both processes, called panoptic segmentation. Best viewed in color.

Since the inception of this concept, signi�cant amount of efforts have been put in by several researchers
across the globe. UPSNet [108] was proposed in 2019 to solve the panoptic segmentation challenge. They
adopt a deformable convolution based segmentation strategy and Mask-RCNN style for instance aware seg-
mentation, which together, solve these problems simultaneously. Another attention-guided network AUNet,
was presented in [49] by Li et. al. where they proposed to distribute the object-level and pixel-level tasks
into two different attention-guided structures that together again solve the panoptic segmentation challenge.
Pyramid-based structures for panoptic segmentation were also studied extensively in [15, 40], whereas Li et.
al. studied weakly and semi-supervised techniques for the same [46, 55].
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A Preliminary Overview

Before we jump into the methodology and the architecture design of the proposed model, we would like to
divert the attention of the reader towards an initial basic analysis of the several algorithms. Speci�cally, we
would like to compare the different high-speed and high-accuracy models and discuss the different trade-offs
presented across the literature more qualitatively. Consider for instance, Table 4.1. It can be seen clearly from
the table that most of the accurate algorithms provide an execution speed of around 45 FPS.

4.1. Accuracy

Model mIOU Memory MAdd Flops Params FPS FPS*
ICNet [119] 71.0 1094.47MB 162.43G 81.02G 28.30M 14.03 –
BiseNetV2 [113] 73.0 2784.99MB 207.64G 103.37G 3.65M 37.90 2.01
BiseNet [112] 74.7 1941.39MB 208.18G 103.72G 12.89M 47.20 2.42
ShelfNet [123] 74.8 1158.12MB 187.37G 93.69G 14.6M 44.37 2.59
SwiftNet [67] 75.5 1671.66MB 207.64G 103.37G 11.80M 45.40 2.61

Table 4.1: High-accuracy architectures. All computational expenses including FPS measured on a single RTX 2080Ti on full Cityscapes
resolution (2048 £ 1024). FPS* is measured on Jetson Xavier NX on full resolution again. ¡ indicates the algorithm was too heavy to be
executed on an embedded platform.

Now an average of 45 FPS is acceptable but it is to be noted that this value is obtained a powerful GPU
(NVIDIA RTX 2080Ti in this case), which is unlikely to present in real-world robotic solutions. Once these
speeds are computed on an embedded platform, we see that none of them reach beyond 4 FPS, which is
slightly unacceptable. The average accuracy of the models in this table is around 74.5%.

4.2. Speed

Model mIOU Memory MAdd Flops Params FPS FPS*
CGNet [106] 64.8 3134.91MB 55.01G 27.05G 0.5M 34.91 2.91
DABNet [43] 70.0 3287.50MB 82.83G 40.88G 0.76M 40.35 –
DFANet [44] 70.1 1778.09MB 30.68G 15.28G 2.19M 47.88 4.71
SINet [68] 68.2 672.00MB 2.99G 1.24G 0.12M 68.61 12.02
ESNet [59] 70.7 1176.29MB 66.81G 33.81G 1.81M 75.64 9.65
ContextNet [72] 66.1 1429.43MB 13.98G 6.74G 0.88M 118.65 10.49
Fast-SCNN [73] 68.4 1239.33MB 13.85G 6.72G 1.14M 128.97 11.49

Table 4.2: High-speed architectures. All computational expenses including FPS measured on a single RTX 2080Ti on full Cityscapes
resolution (2048 £ 1024). FPS* is measured on Jetson Xavier NX on full resolution again. ¡ indicates the algorithm was too heavy to be
executed on an embedded platform.

Now let us consider Table 4.2, which shows the relatively faster algorithms as compared to the previous
ones. The picutre is now seemed to have reversed. Even though the fastest algorithm reaches around 120 FPS
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[73], it shows a signi�cant drop in accuracy, and it can be con�rmed from this table as that as the speed tends
to increase, the accuracy seems to drop considerably. The average speed of this table speci�cally, is around
60-70 FPS.

Let us compare the best algorithms from both the tables for a better analysis. Consider Table 4.3 for in-
stance. We would like to divert the attention of the reader towards the difference in the overall mIOU score
and FPS of both the algorithms. Also, the computational complexities of both the architectures are signi�-
cantly far apart.

Model mIOU Memory MAdd Flops Params FPS FPS*
SwiftNet [67] 75.5 1671.66MB 207.64G 103.37G 11.80M 45.40 2.61
Fast-SCNN [73] 68.4 1239.33MB 13.85G 6.72G 1.14M 128.97 11.49

Table 4.3: Best algorithms from both the above tables with highlighted advantages.

This huge gap between the two of the fastest and most accurate architectures is exactly what we intend to
ful�ll in this research. With this metric-based analysis now established, we can now move on to the method-
ology sections where we attempt to shorten this gap by means of context aggregation and cheap spatial de-
tailing techniques.

4.3. Contributions
With respect to the above mentioned perspectives, our architecture has the following primary contributions
to offer:

• Building upon the existing dual-branch architectures, we offer a cheap robust methodology to decouple
the spatial and contextual feature extraction, where we design two branches, one for fast and effective
spatial detailing and the other for dense context embedding.

• We introduce a plug-n-play context aggregation block (CAB) with Compact Asymmetric Position (CAPA)
and Local Attention (LA) as the two sub-modules for deep global and local context aggregation.

• Our superior speed-accuracy trade-offs and effective spatial-contextual feature fusion allows us to out-
perform the previous state-of-the-arts for real-time semantic segmentation on Cityscapes and UAVid.
Speci�cally, we achieve a mIOU score of 75.8% on Cityscapes and 63.5% on UAVid at 76 and 15 FPS
respectively.
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