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Abstract

Precise and accurate predictions over boundary areas are essential for semantic seg-
mentation. However, the commonly-used convolutional operators tend to smooth
and blur local detail cues, making it difficult for deep models to generate accurate
boundary predictions. In this paper, we introduce an operator-level approach to
enhance semantic boundary awareness, so as to improve the prediction of the deep
semantic segmentation model. Specifically, we first formulate the boundary feature
enhancement as an anisotropic diffusion process. We then propose a novel learnable
approach called semantic diffusion network (SDN) to approximate the diffusion
process, which contains a parameterized semantic difference convolution operator
followed by a feature fusion module. Our SDN aims to construct a differentiable
mapping from the original feature to the inter-class boundary-enhanced feature.
The proposed SDN is an efficient and flexible module that can be easily plugged
into existing encoder-decoder segmentation models. Extensive experiments show
that our approach can achieve consistent improvements over several typical and
state-of-the-art segmentation baseline models on challenging public benchmarks.

1 Introduction

Semantic segmentation aims at assigning pixel-wise semantic labels to an image. It plays an important
role in various applications such as autonomous driving [9, [13]], medical diagnostics [31] and virtual
reality [4]. A key challenge in semantic segmentation is how to improve the boundary quality of
segmentation results (Figure [T). In general, people have been working on this problem in three
different ways: (i) adopting a post-processing module to refine the boundary [26\ 2343} 139} 158]], (ii)
jointly learned the edge detection and semantic segmentation task for boundary-awareness 60, [7, 30]],
and (iii) making training more focused on the boundary by designing a boundary-aware loss with
higher sensitivity to the boundary changes [3} 20} 45]].

Nevertheless, all these methods explored the boundary information via either post-processing refine-
ment or additional supervision, rather than directly address the intrinsic reason for fuzzy boundary
and detail degradation, that is, vanilla convolution [24\] naturally tends to smooth the feature [41, 53+
56l], making it difficult to capture the boundary cues (see Figure 2p). Although traditional gradient
operators [19,[22]] and difference convolutions [53H56} 41]] have the ability to perceive boundary, they
are sensitive to all the boundaries including intra-class texture edges, which makes it not suitable
for semantic segmentation. This motivates us to explore a segmentation-friendly operator with only
inter-class boundary awareness to improve the boundary ambiguity in semantic segmentation.
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Figure 1: Qualitative analysis of the
segmentation error maps. The base-
line denotes OCRNel5[7], and the
non-black pixels indicate the wrong
predictions. It can be seen that seg-
mentation error is particularly obvi-
ous in the boundary region. Our
method achieves signi cant bound-
ary improvements over the baseline
model. The examples are selected
and cropped from Cityscapesd [9].

Our method. In this paper, we are committed to improving the boundary quality of semantic
segmentation from the operator level. Inspired by the anisotropic diffuSgniri the signal
processing eld, we formulate the inter-class boundary enhancement as a modi ed anisotropic
diffusion process guided by semantics, which can be solved by the nite difference method. While
such a traditional solver can hardly be integrated into deep segmentation networks due to the
hyper-parameter sensitivity, numerical instability, and high computational complexity caused by its
iterative formulation. To solve this problem, we propose a learnable semantic diffusion network
(SDN) to approximate the diffusion process, which parameterizes the traditional solver and only
requires only one forward instead of multiple iterations. The SDN aims to construct a differentiable
mapping from the original feature to the inter-class boundary-enhanced feature, which consists of a
semantic difference convolution and a feature fusion operation. Our proposed SDN is an ef cient
and exible module that can be easily plugged into the existing encoder-decoder segmentation
models. To evaluate its effectiveness, we integrate our SDN into multiple baseline segmentation
models and conduct experiments on two challenging benchmiagkADE20K [62] and Cityscapes

[9]). Extensive experiments show that our approach can bring consistent improvements for existing
segmentation methods with few additional computational costs. In particular, our SDN can bring
+2.57% and +1.43% mloU improvements for Segmerdé vith ViT-B [[11] backbone on ADE20K

[62] and Cityscapesd], respectively. Qualitative visualization veri es the obvious boundary quality
improvement of our approach.

2 Related Work

Semantic Segmentationln 2015, FCNILE] rst proposed to use a fully convolutional network

to generate dense predictions, which is regarded as a milestone for semantic segmentation. Since
then, lots of works have been exploring larger receptive elds for better scene understanding based
on CNN architecture. For example, PSPNH] [proposed a general pyramid pooling module to

fuse features at different scales. DeepLab fanily; 27,25, 28] used atrous convolution to enlarge

the receptive elds while keeping the resolution. Recent works focused on how to capture more
precise contextd7, (17, 59, 29, 52] and better boundarysB, 3]. Considering that the attention
operation [f16] has a large receptive eld and can adaptively aggregate featltg<16, 63, [2]
employed the attention-based modules on the top of CNN segmentation networks to adaptively
combine local features with their global dependencies. Inspired by the success of Transddjrimer [

NLP tasks, SETR@1] and DPT B5] attempted to use Vision Transform@rd] as the backbone. They
demonstrated the effectiveness of global receptive elds for semantic segmentation tasks. Inspired
by [5], Tran2Seg $1] explored a hybrid encoder and prototype-based transformer decoder. FTN
[49] and Segmented] further designed fully transformer networks. SegForn&a€k proved that a
lightweight MLP decoder can also achieve satisfactory results under a strong transformer encoder.
Recently, MaskForme8] proposed a simple but effective mask classi cation scheme to predict a set

of binary masks, which uni ed the semantic, instance, and panoptic segmentation.

Boundary-aware Segmentation Methods for promoting boundary quality in semantic segmentation

can be divided into three categories: fdopting the post-processing moduldost methods applied

a post-processing module on the top of coarse segmentation results to re ne the boundary and recover
the details 26, 23, 43, 39, 58]. DenseCRF model3] is the most well-known post-processing method,
which achieves ne boundary results by encouraging assigning neighboring pixels with similar colors



to the same semantic label. SegFs8|[proposed a model-agnostic boundary re nement model,
which aims to replace the ambiguous predictions at boundaries with predictions at the intra-class areas.
(2) Auxiliary branch for boundary-awarened&€0, 7, 30] utilized the multi-task learning strategy

by jointly learning boundary detection and semantic segmentation together. For example, RPCNet
[60] introduced the auxiliary branch for boundary enhancement to the semantic segmentation model.
(3) Boundary-aware lossThese works guide the model to focus more on boundary accuracy by
designing the boundary-aware loss function with high sensitivity to the boundary ch&ng86s45].
Inverseform B] introduced a boundary distance-based measure into the popular segmentation loss
functions. Kervadeet.al[20] proposed a boundary loss taking the form of a distance metric on
the space of contours for highly unbalanced situations. A#] flesigned an active boundary

loss function for progressively encouraging the predicted boundaries matching the ground-truth
boundaries.Instead of imposing various boundary-related constraints, we consider the intrinsic
reason for fuzzy boundary from the operator level, and design a boundary-sensitive operator to make
the network naturally capable of modeling and perceiving boundaries.

Related Operators. The convolution operator, which calculates the kernel's response to each local
patch of the input feature maps, is not good at modeling boundary information. To solve this,
people try to combine the traditional image gradient operator with convolution operators. Local
binary convolution (LBC) 19] used a series of pre-de ned binary lters to replace learnable kernels

in convolution. Subsequently, a series of difference convolution operators represented by central
difference convolution (CDC)H3-56] used learnable kernels to capture useful boundary information
on the central difference map. PD@]] further extended the exibility of CDC and achieved
excellent results in boundary detection tasks. In addition, the local self-attention (B&Agderator
replaces the xed kernel with the content-adaptive attentive weights to achieve local feature fusion,
making it good at capturing contextual dependence. But it is still not good at perceiving the boundary.
Different from existing methods, we are committed to designing a novel and ef cient operator-level
solution with a high sensitivity to the inter-class boundaries rather than all the edges.

3 Preliminaries

3.1 Diffusion Process

Diffusion is a physical model aimed at minimizing the spatial concentration differ@gehich
is widely used in image processing3 6, 48, 47]. Given an image tensaJ to be smoothed, this
process needs to solve the well-known second-order partial differential equation:
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where@—LtJ is the time derivative of the solution tens@iv is the divergence operatdp is the
diffusivi% tensor, which describes the speed of the diffusion proeess the gradient operator. With
increasing time, the solutionU; of this process will correspond to increasingly smoothed versions
of the original tensor.

The concrete form dD determines the properties of the PDE. Bok 1, it is called homogeneous

linear diffusion, where the diffusion velocity of spatial concentration is exactly the same in all
directions. For a spatial-dependdht= D (x) (e.g. learnable kernel), the process is linear and
inhomogeneous. However, the two kinds of simple linear diffusion processes not only smooth the
noise but also blur the edges. An ideal diffusivity function allows more smoothing parallel to image
edges and less smoothing perpendicular to these edges, which is actually anisotropic and nonlinear.
For this reason, some classic milestori®3; §, 48, 47] increase the nonlinear modeling ability by
designing complex diffusivity function® = D (U) depending on the inpud.

3.2 Rethinking Operator-level Boundary Awareness

Here we discuss the operator-level causes of potential CNN failures in boundary predictions. Given
the input feature map, the vanilla convolution calculates the output tengdhrough the inner
product between the kernel and each local feature patch. Without loss of generality, we assume that
the channel number of both input and output.i§he vanilla convolution with kernet 2 R" W

over a input featur& 2 R" W could be written asy, = hw;x,i, wherex, is the local patch
centering at the positiop. Intuitively, the vanilla convolution is just a local weighted average



Figure 2: Visualization of the feature maps from (b) vanilla convoluti,[(c) central difference
convolution (CDC) b5]. We choose three poins; ; A,; B on the image, corresponding ¢ar-body
car-glassandplant, respectively. In (b), due to the local smoothness of the vanilla-conv operator,
we can see that there is no signi cant difference in the feature responses at the three coordinates
in the feature map. According to (c), the CDC operator can hardly distinguish the true semantic
boundary and the pseudo boundary caused by textures or noise, for example, we can see that the
features captured by CDC have cluttered false boundary responses between these two codrdinates
(car-body andA, (car-glass.

operation, which tends to smooth the local detailed informati&h [Especially when entries within
the kernel are non-negative, the smoothness will be particularly signi cant as it forms a low-pass
Iter. This results in a poor capacity for modeling the semantic boundary information, see Figure 2b.

Recently, people try to combine the traditional gradient operator (edge-detector) with convolution
operators to enhance its edge awaren&8s93-56, 41]. Local binary convolution (LBC) 19|

used a series of pre-de ned binary lters to replace learnable kernels in convolution. Subsequently,

a series of difference convolution operators represented by central difference convolution (CDC)
[53-56] used learnable kernels to capture useful boundary information on the central difference map,
thatis,yp, = w;(Xp  Xcentedi » Wherex cenerindicates the center entry of the current patch, and

the rest symbols are de ned in the same way as that of the vanilla convolution. It aggregates the
center-oriented gradient within the local region instead of the feature values. Even though this kind
of operator has better edge awareness, however, because the gradient operator cannot distinguish
between real semantic boundary and pseudo boundary caused by textures or noise (see Figure 2c¢), it
is dif cult for us to directly apply them to tasks such as semantic segmentation.

4 Methodology

This section introduces the semantic diffusion network (SDN) for semantic segmentation tasks to
compensate for the detail blur caused by the vanilla convolution operator. It is combined with
CNN backbone when used, so as to strengthen semantic boundary information and Iter out pseudo
boundary information caused by texture or noise.

4.1 Formulation

Considering a CNN backbone model withstacked neural stages mapping an image pixel-wise
feature mapX . LetX denote the feature map from th¢h stage. We de ne the semantic diffusion
process over the feature m&p as:
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Where@tJ is the time derivative of the solution tens@iv is the divergence operatar, is the
gradierﬁ) operatorV is the guidance feature map with the same resolutiod.ofrhe diffusivity

term is a mongtonically decreasing function of the square of the grajieni?, for example,

g(ir Vi>)=1= 1+ jr Vj2= 2. Ideally, the diffusion close to the semantic boundary areas will be
suppressed, while the diffusion far away from the semantic boundary will be accelerated. Therefore,
V should contain suf cient semantic information, so the gradient nprivij?> can be used as a
reliable semantic boundary indicator to construct the diffusivity. The PDE of the non-linear diffusion
process de ned by EQR) could be approximately solved by performing the nite difference update
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