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A B S T R A C T

Leveraging contextual dependencies is a commonly used technique to enhance the performance of image
segmentation. However, existing solutions do not effectively catch the class-level association between the
pixels along the boundary across the objects of the different classes but focus more on the local pixel-to-pixel
relation. This work proposes a Class-Aware Affinity module (CAA) that considers both pixel-to-pixel relation
and pixel-to-class association. We try to argue that the pixel-to-pixel relations still catch the relation (e.g.
similarity, attention, or affiliation) on the local texture level. At the same time, it should also consider the
association between the pixel and the class context produced by the given image. Pixel-to-class association
can best reveal the co-occurrent dependency on the semantic level between the given pixels and their nearby
context. Such pixel-to-class association combined with the pixel-to-pixel relations aggregating the local texture
information will best mitigate the confusion caused in the boundary regions across the objects of the different
classes. Moreover, the proposed framework can serve as a generic add-on to be integrated with the existing
image segmentation solution to boost the current performance. Equipped with CAA, we achieve promising
performance against the existing work with 54.59% mIoU on ADE20K, 49.96% mIoU on COCO-Stuff10k, and
64.38% mIoU on Pascal-Context.
1. Introduction

Semantic Segmentation is a challenging and fundamental problem
in computer vision, which aims to assign each pixel a clear semantic
label for a given image. This task can be applied to several real-
world applications, such as medical image processing [1], autonomous
driving [2], and precision agriculture [3].

Building upon the foundation laid by the fully convolutional net-
works (FCNs) [4], numerous methods have achieved remarkable ad-
vancements. However, the FCN has a problem of low efficiency and
only provides insufficient contextual dependencies for the reason of
structural weaknesses. The limitation of insufficient background in-
formation greatly affects its segmentation accuracy. Given this, re-
searchers primarily focus on two aspects to enhance segmentation
performance: (i) design a better encoder structure [5–7]; and (ii) model
reliable contextual information [8–10].

Since the existence of co-occurrent visual patterns [11–13], a series
of works focus on modeling context. Early study is mainly about
multi-scale context for semantic segmentation, which exploits dilated
convolutions or pyramid pooling to obtain feature maps by aggregating
multi-scale contexts. Specifically, PSPNet [8] employs pyramid spatial
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pooling to aggregate context. However, they only can capture local
features and bring limited contextual information. Deeplab [14–16]
family introduces the atrous spatial pyramid pooling (ASPP) to capture
local context from different scales of the image. Some other methods
utilize dot self-attention to extract long-range dependencies. Non-local
network [17] first proposes to utilize a self-attention module to learn
global contextual dependencies. Inspired by this, some works [10,11,
18,19] further utilize the attention mechanism for semantic segmenta-
tion. PSANet [20] introduces a pyramid spatial attention mechanism
for capturing features at multiple scales. Meanwhile, DANet [10] intro-
duces channel attention to cooperate with spatial attention to capture
contextual information globally. [21] designs to enhance feature ex-
traction and prediction stages by considering channel perspectives.
However, these methods only focus on pixel-to-pixel dependencies.
Multi-scale contexts are established within predefined regions, with the
only pixel correlation being the overlap of receptive fields. They only
focus on local pixel relationships, leading to the category confusion
problem on a semantic level. Besides, attention-based contexts only
catch the relation on the local texture level. We argue that they
should consider the association between the pixel and the class context
produced by the given image.
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Fig. 1. The concept of our CAA. We first explore pixel-to-pixel relation: whether two pixels belong to the same class or not. Then, we calculate the pixel-to-class relation: the
relation between the 𝑖th pixel and other pixels in the 𝑗th class region, i.e., the blue point and the blue car region.
Apart from this, ACFNet [22] and OCRNet [23] first propose the
idea of class-center, which calculates relations between pixels and class
center (pixel-to-class). Then, ISNet [12] proposes a similar class-center
by utilizing the class region representation, which shares the same class
as the pixel representation instead of representations of every region.
Besides, CPNet [24] proposes a context prior map to predict if two
pixels belong to the same class. Those above-mentioned methods either
focus on pixel-to-pixel or pixel-to-class relation. So what is the context or
reliable context? The pixel-to-pixel (spatial) relation represents whether
two pixels belong to the same class or not, while the pixel-to-class
(class-level) association indicates the probability of a pixel belonging
to the specific class. Therefore, we propose that reliable contexts can
describe the pixel-to-pixel relation and pixel-to-class association.

To this end, we introduce a Class-Aware Affinity Module (CAA),
which is regarded as an additional supplementary module to the ex-
isting mainstream segmentation framework [4,8,15] (see Fig. 1). The
existing mainstream architectures provide feature extraction to aggre-
gate the spatial information. Therefore, we further utilize those features
to capture pixel-to-pixel relation to enhance pixel representations and
get intra- and inter-class representations 𝑋𝑖𝑛𝑡𝑟𝑎 and 𝑋𝑖𝑛𝑡𝑒𝑟. Intra-class
representations refer to the augmentation of contextual dependencies
among pixels belonging to the same class, whereas inter-class rep-
resentations belong to the heightened relationships among pixels of
distinct classes. Every colored dot represents a pixel along with its
corresponding class. We just know if two pixels belong to the same
class, however, we still do not explicitly build the relationship between
pixel and class region i.e., the relation between blue dots (‘car ’), yellow
dots (‘tunnel’), green dots (‘terrain’) and the red dots (‘road’). We further
model the pixel-to-class associations e.g., the probability of blue dots
belonging to the ‘car’ region.

Specifically, we design an affinity map to generate two types of
representations for each pixel. One only considers the dependency
between pixels of the same class, which is intra-class representation.
Another considers the relation of pixels across different classes, which
is inter-class representations. Besides, an affinity loss is developed to
enforce the network to better generate pixel-to-pixel relations. With the
affinity map, we can better learn whether two pixels belong to the same
class or not. Due to the fact that the label assigned to a pixel signifies
the category of the object it is associated with, we further calculate
the relation between pixels and the class center. The class center is
determined through the aggregation of feature vectors from all pixels
within the same class label.

We show examples of segmentation results produced by the atten-
tion-based (pixel-to-pixel) method (EncNet [9]) and class-level (pixel-
to-class) method (OCRNet [23]) in Fig. 2. In the first row and the
2

last row of Fig. 2, both EncNet [9] and OCRNet [23] recognize ‘earth’
as ‘sand’ and ‘pole’ as ‘fence’, while our CAA (joining pixel-to-pixel
relation and pixel-to-class association together in a unified frame-
work) successfully recognizes the class ‘earth’ and ‘pole’. In the second
row, OCRNet [23] performs better than EncNet [9] but still makes
some mistakes (recognizes ‘windowpane’ as ‘painting’), while our CAA
recognizes the right class.

CAA contributes to the existing image segmentation solution re-
gardless of the approaches of the supervised, unsupervised, or semi-
supervised pipeline. It focuses on enhancing the contextual information
to improve the quality of the semantic segmentation. In terms of
a pipeline of unsupervised or semi-supervised approaches, given the
generated class information (identified by pseudo-label), CAA is to ex-
plore the pixel-to-pixel and pixel-to-class contextual information which
is then integrated into the existing segmentation method to further
improve the overall quality.

In a nutshell, this paper presents the following key contributions:

• We introduce a class-aware affinity module (CAA) to mitigate
the issue of intra-class compactness and inter-class dispersion.
Our CAA explores both pixel-to-pixel relations and pixel-to-class
associations. This module can be effortlessly incorporated into
existing segmentation frameworks and improve the performance
of the corresponding model in which CAA is added.

• An affinity map is proposed to learn the pixel-to-pixel relation and
generate intra- and inter-class representations.

• Class center is proposed to explore the pixel-to-class associations
for further corresponding context calculation.

The remainder of this paper is organized as follows. A brief review
on the related work of multi-scale context, attention-based context and
class-level context for semantic segmentation in Section 2. We present
the proposed class center and semantic affinity in Section 3. Experimen-
tal results are reported and analyzed in Section 4. Finally, Section 5 is
a concluding summary, followed by future work in Section 6.

2. Related work

2.1. Multi-scale context for semantic segmentation

The Fully Convolutional Networks (FCNs) [4] is an epoch-making
work to promote the advancement of semantic segmentation. Based
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Fig. 2. Examples of segmentation results for ADE20K. The results of EncNet and OCRNet are shown in (b) and (c), which explore the pixel-to-pixel relations and pixel-to-class
relations, respectively. Our proposed CAA module combines the relation of pixels-pixels and pixels-class association for the final prediction. Obviously, our method achieves better
prediction than the methods mentioned above, as shown in (d).
Fig. 3. Illustrating the pipeline of CAA. CAA explores the pixel-to-pixel relation and pixel-to-class association by levering the semantic affinity and class center. Semantic affinity
explores the pixel dependencies to learn pixel-to-pixel relations. We utilize the class center to further calculate the pixel-class dependencies by considering category representations.
on this method, aggregating contextual information to enhance fea-
ture representation is a common practice. Many recent works [25–28]
have been proposed to extract discriminative features by combining
contextual features. Specifically, Deeplab methods [14–16] propose
atrous spatial pyramid pooling (ASPP) to capture more contexts from
multiple scales, while PSPNet [8] employs a pyramid parsing module
for global context exploration, achieved through context aggregation
3

across diverse regions. CCL [29] introduces a new approach for scene
segmentation, which improves performance by incorporating contex-
tual information and multi-scale features. Some works [9,29,30] aim to
capture more comprehensive global context information by extending
kernel size or proposing an efficient encoding layer. For instance,
ACNet [30] captures pixel-aware context by integrating global and local
contexts regarding different pixel requirements. EncNet [9] proposes
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to obtain a comprehensive global context and selectively emphasize
context relevant to specific classes. These methods aggregate contex-
tual information with multi-scale local features and cannot capture
different dependencies for different pixels. Recently, attention-based
models have shown considerable performance and emerged as a widely
adopted approach for semantic segmentation.

2.2. Attention-based context semantic segmentation models

The attention mechanism is initially a technique used in Natural
Language Processing (NLP) task [31,32] to get more useful infor-
mation about the target and ignore extraneous or irrelevant data.
For the semantic segmentation task, long-range dependencies are usu-
ally captured by stacking convolutional operations to obtain large
receptive fields. However, these operations can only capture local con-
textual information and are computationally inefficient. The attention
mechanism can capture the global context information.

Specifically, DANet [10] and RCANet [33] propose a two-attention
module network to aggregate long-range spatial information. CCNet
[13] and SPNet [11] come up with a criss-cross attention module
and strip pooling module to capture long-range dependencies while
reducing computational complexity. Besides, SANet [34] proposes a
new squeeze-and-attention network, which takes into account dense
predictions at multiple scales for individual pixels, as well as spatial
attention for clusters of pixels. Although the attention methods could
capture long-range contextual dependencies, they do not explicitly
model the dependencies of pixels among classes.

2.3. Class-level context for semantic segmentation

ACFNet [22] introduces the idea of a class center, which captures
the holistic context of each class. This enables pixels to discern the
performance of distinct classes within the entire scene. Recently, OCR-
Net [23] and CTNet [35] propose to model the relation between object
regions, exchanging regional context for enhancing pixel dependencies.
All of these works [22,23,35] focus on extracting intra-class centers,
but they ignore inter-class centers. Recently, CPNet [24] proposes to
explore affinity-aware context information to model pixel-to-pixel rela-
tions. Albeit CPNet can indicate whether two pixels belong to the same
class, they do not further differentiate current pixels with different
classes.

The previous multi-scale context cannot capture different dependen-
cies for different pixels, while attention-based context methods do not
explicitly model the dependencies of pixels among classes. Besides, the
class-level contexts only focus on pixel-to-class association. To this end,
the challenge is to model a reliable context that includes the pixel-to-
pixel relation and pixel-to-class association. Thus, a class-aware affinity
module is proposed to help existing segmentation frameworks improve
performance by integrating pixel-to-pixel relation and pixel-to-class
association.

3. Methodology

3.1. Motivation

Analyzing the pixel-to-class association provides the most lucid
depiction of the semantic interdependence between the specified pixels
and their adjacent context. For instance, it is uncommon to find a bike
in water. Therefore, classifying the presence of water can help minimize
the likelihood of erroneously identifying an object in the water as a
bike. Hence, it is necessary to enhance the pixel-to-class association.

Meanwhile, it is easily misclassified for the pixels on the margin of
two objects in semantic segmentation. Therefore, we need to differen-
tiate whether two adjacent pixels belong to the same class or not, that
is, pixel-to-pixel relation. We advocate that pixel-to-class association
combined with pixel-to-pixel relations will best reduce the ambiguity
4

Fig. 4. Illustration of Class Center. We partition the initial image 𝐼 into distinct class
regions, facilitating subsequent pixel-to-class association calculations.

in the boundary areas between objects of distinct classes. To this end,
we devise a Class-Aware Affinity Module (see Fig. 1), which can help
existing models increase intra-class compactness and reduce inter-class
dependency.

3.2. Class-aware affinity

3.2.1. Class center
The feature generator 𝐺 receives the input image I and projects it

into high-dimensional feature 𝐹 ∈ R𝐷×𝐻×𝑊 and coarse segmentation
result 𝐹𝑐𝑜𝑎𝑟𝑠𝑒 ∈ R𝑁𝑐𝑙𝑎𝑠𝑠×𝐻×𝑊 . To minimize the computational expenses,
we apply 1 × 1 𝑐𝑜𝑛𝑣 → 𝐵𝑁 → 𝑅𝑒𝐿𝑈 operations to decrease the channel
dimension to 𝐷′. Then, we reshape 𝐹𝑐𝑜𝑎𝑟𝑠𝑒 to 𝑅𝑁𝑐𝑙𝑎𝑠𝑠×𝐻𝑊 and 𝐹 to
𝑅𝐷′×𝐻𝑊 , as illustrated in Fig. 4. After that, the class center, denoting
a pixel-level probability output for each class, is computed by:

𝐹𝑐𝑒𝑛𝑡𝑒𝑟 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝐹𝑐𝑜𝑎𝑟𝑠𝑒)⊗ 𝐹 𝑇 (1)

where 𝐹𝑐𝑒𝑛𝑡𝑒𝑟 ∈ R𝑁𝑐𝑙𝑎𝑠𝑠×𝐷′ . We learn the class center with the super-
vision of ground truth using cross-entropy loss during the training
phase. The class center aids the model in comprehensively learning
representations for all classes from a global perspective. Moreover, we
can calculate the consistency between a pixel and each class center to
improve the segmentation performance.

3.2.2. Semantic affinity
Affinity map. Intra-class compactness and inter-class dispersion will
determine segmentation performance to some extent. However, some
works [8,16] propose to aggregate local features as a mixture, which
can result in the misclassification of distinct categories. To simulate ex-
tensive contextual information, we incorporate affinity maps to repre-
sent refined local features by distinguishing pixels of the same category
from those of distinct categories. As depicted in Fig. 3, 𝐹 ∈ R𝐷×𝐻×𝑊

represents the local feature, where 𝐻×𝑊 represents the resolution and
𝐷 represents the dimension of channels.

Then, to reduce the channel dimension, we apply two 1 × 1 convolu-
tional layers on feature 𝐹 to produce Affinity Map, denoted as 𝑀 , with
dimensions 𝑀 ∈ R(𝐻×𝑊 )×(𝐻×𝑊 ). We learn a direct representation of
the correlation between pixels of intra- and inter-class from the affinity
map. That is, whether the 𝑖th pixel and 𝑗th belong to the same category.
We further extract pixel representations of intra- and inter-class in the
following manner:

𝐹𝑖𝑛𝑡𝑟𝑎 = 𝑀 ⊗𝐹 (2)

𝐹𝑖𝑛𝑡𝑒𝑟 = (1 −𝑀)⊗ 𝐹 (3)

the feature size of 𝐹𝑖𝑛𝑡𝑟𝑎 and 𝐹𝑖𝑛𝑡𝑒𝑟 are 𝐻 ×𝑊 , and ⊗ represents matrix
multiplication.
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Fig. 5. The process of generating the Affinity Ground Truth. We down-sample the
ground truth and apply one-hot encoding to obtain 𝐺̄. Then, matrix multiplication is
conducted to generate the affinity ground truth.

We employ binary cross-entropy loss to supervise the affinity map,
treating it as a binary classification task for each pixel, distinguishing
between the same class or different classes. In particular, we employ
a down-sample operation to reshape ground truth 𝐺 and match the
size of feature 𝐹 . Next, we perform one-hot encoding to obtain the
transformed ground truth denoted as 𝐺̄. Ultimately, a multiplication
operation is conducted between 𝐺̄ and its transpose to derive the
affinity ground truth: 𝐿 = 𝐺̄ × 𝐺̄𝑇 . The process of constructing 𝐿 is
illustrated in Fig. 5. From the affinity ground truth, we can learn that
𝐿𝑖𝑗 = 1 means the 𝑖th pixel and the 𝑗th from the original image are in
the same class, while 𝐿𝑖𝑗 = 0 means the 𝑖th pixel and the 𝑗th from the
original image are in different classes. We formulate the affinity loss
as:

𝐿𝑎𝑓𝑓 = − 1
𝑁2

𝑁2
∑

𝑛=1
(𝑃𝑔 log𝑃𝑎 + (1 − 𝑃𝑔) log(1 − 𝑃𝑎)) (4)

𝑃𝑔 represents the probability assigned to the target class, derived
from the ground truth. 𝑃𝑎 represents the predicted probabilities across
different categories within the images.

Intra-class association. These pixel representations only contain the
spatial relation between any two pixels. That is, we can only know
whether two pixels belong to the same category or not, but the category
information has not been extracted. Thus, we compute the associa-
tion between intra-class pixel representations 𝐹𝑖𝑛𝑡𝑟𝑎 and class center
representation 𝐹𝑐𝑒𝑛𝑡𝑒𝑟 in the following manner:

𝑟𝑖𝑗 =
𝑒𝑥𝑝(𝐹𝑖𝑛𝑡𝑟𝑎𝑖 ⋅ 𝐹𝑐𝑒𝑛𝑡𝑒𝑟𝑗)

∑𝑁
𝑗=1 𝑒𝑥𝑝(𝐹𝑖𝑛𝑡𝑟𝑎𝑖 ⋅ 𝐹𝑐𝑒𝑛𝑡𝑒𝑟𝑗)

(5)

where 𝑟𝑖𝑗 stands for the correlation between the 𝑖th pixel and other pix-
els in the 𝑗th class center. Furthermore, it consolidates the correlation
between the 𝑖th pixel and other pixels within the same category.

We enhance the feature representations by conducting a matrix mul-
tiplication between the relation 𝑠𝑖𝑗 and the class context representation
𝐹𝑐𝑒𝑛𝑡𝑒𝑟 to yield the output ̃̃𝐹𝑖𝑛𝑡𝑟𝑎 as outlined below:

̃𝐹𝑖𝑛𝑡𝑟𝑎 =
𝑁
∑

𝑗=1
(𝑟𝑖𝑗𝐹𝑐𝑒𝑛𝑡𝑒𝑟𝑗) (6)

̃𝐹𝑖𝑛𝑡𝑟𝑎 refers to the augmented intra-class representations.

Inter-class association. To mitigate the issue of inter-class dispersion,
we calculate the correlation between the inter-class pixel representa-
tions 𝐹𝑖𝑛𝑡𝑒𝑟 and the class context representation 𝐹𝑐𝑒𝑛𝑡𝑒𝑟𝑗. Much like the
intra-class association, we also have:

𝑡𝑖𝑗 =
𝑒𝑥𝑝(𝐹𝑖𝑛𝑡𝑒𝑟𝑖 ⋅ 𝐹𝑐𝑒𝑛𝑡𝑒𝑟𝑗)

∑𝑁
𝑗=1 𝑒𝑥𝑝(𝐹𝑖𝑛𝑡𝑒𝑟𝑖 ⋅ 𝐹𝑐𝑒𝑛𝑡𝑒𝑟𝑗)

(7)

𝑡𝑖𝑗 denotes the relation between the 𝑖th pixel and other pixels in the
𝑗th class center. We enhance the feature representations by conducting
5

a matrix multiplication between the relation 𝑡𝑖𝑗 and the class center
representation 𝐹𝑐𝑒𝑛𝑡𝑒𝑟𝑗 to obtain the output ̃̃𝐹𝑖𝑛𝑡𝑒𝑟 as outlined below:

̃𝐹𝑖𝑛𝑡𝑒𝑟 =
𝑁
∑

𝑗=1
(𝑡𝑖𝑗𝐹𝑐𝑒𝑛𝑡𝑒𝑟𝑗) (8)

̃𝐹𝑖𝑛𝑡𝑒𝑟 represents the inter-class representations. We further combine 𝐹 ,
̃̃𝐹𝑖𝑛𝑡𝑟𝑎 and ̃̃𝐹𝑖𝑛𝑡𝑒𝑟 for final prediction:

𝐹𝑓𝑖𝑛𝑎𝑙 = 𝛥(𝐶𝑜𝑛𝑐𝑎𝑡(𝐹 , ̃𝐹𝑖𝑛𝑡𝑟𝑎, ̃𝐹𝑖𝑛𝑡𝑒𝑟)) (9)

where 𝛥 denotes a convolutional layer utilizing a 1 × 1 filter to decrease
the dimension of output channels.

3.2.3. Loss function
We employ the binary cross-entropy loss to supervise the training

of the affinity map as specified in Section 3.2.2, considering the binary
classification nature of each pixel. Additionally, we introduce an aux-
iliary loss 𝐿𝑎𝑢 to guide the training of the class center, which utilizes
pixel-wise cross-entropy. Ultimately, we use another pixel-wise cross-
entropy loss 𝐿𝑠𝑒𝑔 to predict the final segmentation. Thus, the overall
loss is specified as outlined below.

𝐿 = 𝜆1𝐿𝑠𝑒𝑔 + 𝜆2𝐿𝑎𝑓𝑓 + 𝜆3𝐿𝑎𝑢 (10)

where 𝜆1, 𝜆2, and 𝜆3 represent the weights used to balance the loss of
𝐿𝑠𝑒𝑔 , 𝐿𝑎𝑓𝑓 , and 𝐿𝑎𝑢. We set these as 𝜆1 = 1, 𝜆2 = 1, and 𝜆3 = 0.4.

3.3. Integrating with other methods

Our CAA module can be effortlessly incorporated into the existing
segmentation frameworks such as FCN [4], PSPNet [8], DeeplabV3
[15], UperNet [36], and ISNet [12]), yielding notable performance
enhancements. These works either focus on pixel-to-pixel (spatial) re-
lation or pixel-to-class (class-level) association, while our CAA can
enhance both two correlations.

To construct the affinity map, we need to aggregate more spatial
information. Specifically, we utilize existing mainstream frameworks to
provide feature extraction i.e., dilated convolutions [14,16] or pyramid
pooling [8,37,38]. We further create an affinity map to differentiate
if two pixels belong to the same class (intra-semantic dependency) or
different classes (inter-semantic dependency). We build the class cen-
ter with coarse segmentation results to calculate consistency between
pixels and each class center.

4. Experiment

We evaluate the effectiveness of our approach on three distinct
semantic segmentation benchmarks: ADE20K [39], COCO-Stuff dataset
[40], and Pascal-Context dataset [41].

4.1. Datasets

• ADE20K. ADE20K is a challenging semantic segmentation dataset,
composed of more than 20,000 images. The dataset contains 150
semantic categories, i.e., sky, road, grass as well as discrete objects
such as people, cars, and beds. It is partitioned into 20k/2k/3k
images for training, validation, and testing respectively.

• COCO-Stuff. The COCO-Stuff10k dataset consists of 171 semantic
classes, comprising 81 thing classes and 91 stuff classes. The train-
ing set comprises 9,000 images, while the testing set comprises
1,000 images.

• PASCAL-Context. The PASCAL-Context dataset encompasses 59
semantic pixel-level categories in all its training images. This
includes 4,998 images designated for training and 5,105 images
allocated for testing.
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Table 1
Ablation study conducted on the ADE20K validation set. ‘‘CC’’ denotes the use of only
Class Center, while ‘‘SA’’ denotes the use of only Semantic Affinity. All methods employ
a single scale for testing.

Baseline CC SA Backbone mIoU (%)

✓ ResNet50 36.10
✓ ✓ ResNet50 40.39
✓ ✓ ResNet50 42.43
✓ ✓ ✓ ResNet50 43.12

4.2. Implementation details

We utilize Pytorch and MMSegmentation [42] toolbox to con-
duct the experiment. Then, we utilize the ImageNet [43] pre-trained
ResNet [44] and transformer e.g., ViT [45] and Swin-Transformer [46]
as the backbone. We trained our model on two NVIDIA A40 GPUs, each
with 48 GB of memory.

For network optimization, we employ the stochastic gradient de-
scent (SGD) algorithm with a momentum value of 0.9 and the ‘‘poly’’
learning rate policy with a factor of (1 − 𝑖𝑡𝑒𝑟

𝑖𝑡𝑒𝑟𝑚𝑎𝑥
)0.9. Additionally, we

incorporate Synchronized batch normalization (SyncBN) during the
model training process. Following the approach of prior studies [10,
23,47], we utilize a multi-scale ratio ranging from 0.5 to 1.75 and
apply data augmentation techniques like flipping and random cropping.
In addition, we adopt the mean intersection of union (mIoU) as the
evaluation metrics. More specific settings are introduced for different
benchmarks (see Table 1).

• ADE20K: For ADE20K, the initial learning rate is 0.02, crop size
is 512 × 512, and weight decay is 0.0005. If not specified, we set
160k training iterations with batch size 16.

• COCO-Stuff: For COCO-Stuff, the initial learning rate is 0.001,
crop size is 512 × 512, and weight decay is 0.0001. If not
specified, we set 60k training iterations with batch size 16.

• PASCAL-Context: For PASCAL-Context, the initial learning rate is
0.001, crop size is 512 × 512, and weight decay is 0.0001. If not
specified, we set 60k training iterations with batch size 16.

4.3. Ablation study

4.3.1. For class center and semantic affinity
We conduct ablation experiments on the ADE20K val set to verify

the efficacy of our CAA. Then, we choose FCNs [4] as our base-
line, selecting ResNet-50 as the backbone due to its relatively lower
computational burden compared to models like ResNet-101, ViT, and
Swin-Transformer. To better show the importance of the class center
and semantic affinity, we separate our CAA into Class Center (CC) and
Semantic Affinity (SA), respectively.

Class Center. To mitigate the problem of category confusion, class-
level context is very important. A car barely appears in the sky, so we
need pixel-to-class association to predict a clear class for an object. As
indicated in Table 1, the class center improves the performance sig-
nificantly. In comparison to the baseline FCN (ResNet-50), it achieves
a 40.39% mIoU on the ADE20K validation set, marking a notable im-
provement of 4.29%. Besides, we show the visualization segmentation
results of intra-class representations in Fig. 6. Likewise, it is justifiable
to investigate the impact of pixel-to-pixel relationships.

Semantic Affinity. The objective of semantic segmentation is to
allocate a semantic label to each individual pixel. Hence, pixel-level
context plays a critical role in achieving superior performance. As
indicated in Table 1, it is evident that the pixel-to-pixel relation yields
a noteworthy enhancement of 6.33% mIoU on the ADE20K dataset in
contrast to the baseline method, demonstrating that different pixels
need different contextual dependencies. We also show the visualization
segmentation results of inter-class representations in Fig. 7.
6

Fig. 6. Illustration of segmented examples of CAA and CC.

Fig. 7. Illustration of segmented examples of CAA and SA.

Table 2
Ablation study conducted on the ADE20K validation set. All methods employ a single
scale for testing.

Baseline Intra-class Inter-class Backbone mIoU(%)

✓ ResNet50 36.10
✓ ✓ ResNet50 42.76
✓ ✓ ResNet50 42.39
✓ ✓ ✓ ResNet50 43.12

Class-Aware Affinity. Existing methods do not explicitly model
the pixel-to-pixel relation and pixel-to-class association. We propose
to combine these two dependencies to aggregate the contextual infor-
mation. As illustrated in Table 1, the CAA outperforms the baseline
method by 7.02% mIoU on the ADE20K dataset. To further substantiate
the effectiveness, we show the visualization of qualitative results in
Figs. 6 and 7. From the results, we can indicate that pixel-to-pixel and
pixel-to-class relations are complementary.

4.3.2. For single class association
We can extract intra- and inter-class pixel representations from our

semantic affinity. Experiments show the effectiveness of the two-pixel
representations.
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Table 3
Ablation study of loss function of the ADE20K validation set. Aux represents only using
auxiliary loss and the final cross-entropy loss. Aff represents only using affinity loss and
the final cross-entropy loss.

CAA Aux Aff Backbone mIoU(%)

✓ ResNet50 40.45
✓ ✓ ResNet50 41.44
✓ ✓ ResNet50 42.36
✓ ✓ ✓ ResNet50 43.12

Table 4
Comparison of computational complexity and accuracy on ADE20K.

Method Params(M) FLOPs(G) mIoU (%)

PSPNet [8] 23.14 77.71 42.48
CCNet [13] 24.00 99.65 42.08
Deeplabv3 [15] 42.28 168.91 42.66
UperNet [36] 40.58 179.75 42.05

PSPNet [8] + CAA 26.75 90.76 44.12
CCNet [13] + CAA 27.60 112.69 43.98
Deeplabv3 [15] + CAA 45.88 181.96 44.23
UperNet [36] + CAA 44.18 192.48 43.81

Intra-class contextual information. Since each pixel has a seman-
ic label, the intra-class contextual information is vital for semantic
mage segmentation. As shown in Table 2, the intra-class representa-
ions lead to a substantial performance boost. In comparison to the
aseline FCN (ResNet-50), the intra-class representations achieve a
IoU of 42.76% on the ADE20K validation set, marking a notable

mprovement of 6.66%. Similarly, it is reasonable to explore the effect
f inter-class representations.
Inter-class contextual information. The inter-class contextual in-

ormation could differentiate the pixels in different classes. As shown in
able 2, we can see that inter-class representations bring an improve-
ent of 6.29% mIoU on ADE20K, demonstrating that different pixels
eed different contextual dependencies. The performance of the inter-
lass is inferior to the intra-class so we can conclude that intra-class
epresentations are more important.
Intra+Inter-class contextual information. We further combine

he intra- and inter-class representations. As depicted in Table 2, CAA
utperforms the baseline method by 7.02% mIoU on the ADE20K
ataset. From the results, we can indicate that the intra- and inter-
lass representations are complementary and promoted by each other.
n a word, it is necessary to synchronously capture intra- and inter-class
ontexts to make them promote each other.

.3.3. For loss function
The CAA module leverages both an affinity loss and an auxiliary

oss to boost segmentation performance. We explore the significance of
hese two losses in this section. The results are presented in Table 3.
nly using auxiliary loss and the final cross-entropy loss, our CAA
odule attains a mIoU of 41.44%. On the contrary, only utilizing

he affinity loss and the ultimate cross-entropy loss leads to a mIoU
f 42.36%. When leveraging both affinity loss and auxiliary loss, we
chieve a mIoU of 43.12%, indicating that both the affinity map and
lass context need to be supervised.

.3.4. Computational complexity and training time
We report the computational complexity of our CAA integrated with

xisting segmentation frameworks in Table 4, including the increased
arameters, computation complexity, and accuracy. The results are
alculated based on input size 512 × 64 × 64 (8 times down-sampled
rom 512 × 512). Since CAA aims to aggregate the contextual informa-
ion by modeling pixel-to-pixel relation and pixel-to-class association,
AA is complementary to the existing segmentation frameworks. After

ntegrating CAA with existing segmentation schemes, the whole model
omplexity is still acceptable. As an illustration, when incorporating
7

t

AA with PSPNet, the parameters and FLOPs experience a mere in-
rease of 3.61M and 23.05G, respectively. However, the segmentation
erformance improves from 42.48% to 44.12% on ADE20k.

Besides, we also report the time of training 6k iterations and infer-
nce time per image on Pascal-Context testing set in Table 6. There is no
oubt that the training and inference time is increased because of the
dditional processing carried out by the proposed CAA. However, the
lear value is that additional CAA provides clear performance boosting
n terms of mIoU.

.3.5. Integrated with various semantic segmentation frameworks
Our CAA module seamlessly integrates with pre-existing segmen-

ation frameworks. To affirm the effectiveness and robustness of our
pproach, we incorporate the proposed CAA into five existing segmen-
ation frameworks, namely FCN, PSPNet, UperNet, DeepLabV3, and
SNet. The performance comparison across three benchmark datasets:
DE20k, COCO-Stuff, and Pascal-Context, is presented in Table 5. We
onduct single-scale testing to ensure a fair comparison. In the case of
he vanilla segmentation framework (i.e., FCN), integrating CAA leads
o a remarkable improvement of 7.02% in mIoU on ADE20K, 4.37%
n COCO-Stuff, and 5.06% on Pascal-Context. With a stronger baseline
ike DeeplabV3, CAA elevates the mIoU performance from 42.66% to
4.23% on ADE20K, from 35.73% to 37.39% on COCO-Stuff, and from
0.73% to 52.37% on Pascal-Context. This performance comparison
ighlights the flexibility and applicability of the CAA module.

.4. Comparison with other methods

We perform experiments on diverse benchmarks and compare the
erformance with other methods in this section.

.4.1. Results of ADE20K
In Table 7, we present a comparison of our results with those of

ther competitive methods on the ADE20K dataset. ADE20K is a com-
rehensive scene-parsing dataset, comprising a total of 150 semantic
lasses. We maintain consistent training and testing configurations for
his dataset. To validate the efficacy of CAA, we conduct experiments
nd compare the results with various methods. The previous best
ethod ISNet [12] utilizes semantic-level and image-level context for

emantic segmentation, achieving 47.31% mIoU. Our UperNet+CAA
chieves 47.45% mIoU with ResNet-101 that is 2.17%, 1.18% and
.14% higher than OCRNet [23], CPNet [24], and ISNet [12] respec-
ively. Owing to the effectiveness of the proposed CAA, our Uper-
et+CAA achieves 51.86% mIoU by adopting InternImage-B. Further-
ore, employing the Swin-Large backbone, our UperNet+CAA achieves
new state-of-the-art performance with a mIoU of 54.59%.

Moreover, to validate the efficacy of CAA, we provide visualizations
f qualitative results obtained from the val set of ADE20K (refer to
ig. 8). The figure illustrates that our UperNet+Swin+CAA effectively
andles issues related to intra-class compactness and inter-class dis-
ersion, resulting in superior segmentation outcomes compared to the
aseline UperNet+Swin.

.4.2. Results of COCO-Stuff
COCO-Stuff is a challenging benchmark, including 81 thing classes

objects with distinct shapes, e.g., car and person) and 91 stuff classes
amorphous background regions, e.g., grass and sky). Table 7 compares
he results with CCL [29], DANet [10], OCRNet [23], ISNet [12], etc.

hen utilizing ResNet-101 as a pre-trained network, our UperNet+CAA
chieves 41.00% mIoU, exceeding OCRNet [47] and DANet [10] with
mIoU of 1.5% and 1.3%, respectively. When leveraging a more

obust backbone InternImage-B, our method achieves mIoU of 46.64%
IoU. We have also integrated CAA into the widely used Swin-Large

ackbone and UperNet+CAA obtains 49.96% mIoU. These results prove

he effectiveness of our CAA.
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Table 5
We evaluate the performance of integrating CAA into various mainstream frameworks
across different benchmarks.

Method Backbone ADE20K COCO-Stuff Pascal-Context
FCN ResNet50 36.10 30.86 45.76

FCN+CAA ResNet50 43.12 (+7.02) 35.23 (+4.37) 50.82 (+5.06)
CCNet ResNet50 42.08 35.43 47.93

CCNet+CAA ResNet50 43.98 (+1.9) 36.27(+0.84) 49.79 (+1.86)
UperNet ResNet50 42.05 35.80 48.90

UperNet+CAA ResNet50 43.81 (+1.76) 37.08 (+1.28) 51.57 (+2.67)
PSPNet ResNet50 42.48 36.33 50.21

PSPNet+CAA ResNet50 44.12 (+1.64) 37.59 (+1.26) 52.05 (+1.84)
Deeplabv3 ResNet50 42.66 35.73 50.73

Deeplabv3+CAA ResNet50 44.23 (+1.57) 37.39 (+1.66) 52.37 (+1.64)
ISNet ResNet50 43.77 38.06 51.74

ISNet+CAA ResNet50 43.98 (+0.21) 38.35 (+0.29) 52.08 (+0.34)
Fig. 8. Visualizations on the ADE20K validation set. We compare the qualitative results of UperNet+Swin and our UperNet+Swin+CAA.
4.4.3. Results of PASCAL-Context
We also perform experiments on the PASCAL-Context to conduct a

comparative analysis with existing methods.
Table 7 showcases the segmentation outcomes. With ResNet-101 as

the pre-trained network, our UperNet+CAA attains a mIoU of 55.57%.
We exceed PSPNet [8], DANet [10] and CPNet [24] with a mIoU of
2.07%, 2.97%, and 1.67%. By employing InternImage-B, UperNet+CAA
achieves an impressive mIoU of 62.08%. Furthermore, our approach,
UperNet+CAA with Swin-Large, establishes a mIoU of 64.38%.

In general, our UperNet+CAA attains the best result on ADE20K
and Pascal-Context. Although we do not reach the best result with
ResNet101 on the COCO-Stuff dataset compared with ISNet [12] and
8

PCAA [52], we still rank within the top-3. This achievement showcases
the competitiveness and effectiveness of our approach across multi-
ple benchmarks. By achieving top rankings across various datasets,
our model demonstrates its robustness and adaptability in addressing
diverse visual understanding tasks.

5. Conclusion

This paper presents a new approach to tackle context aggregation
in semantic segmentation. We propose to extract the pixel-to-pixel
relation and pixel-to-class association. A class-aware affinity module
(CAA) is set to learn class center and semantic affinity. We use the



Knowledge-Based Systems 299 (2024) 112097H. Tang et al.
Table 6
Comparison of training time and inference time on Pascal-Context. ms/p represents the
time of inferencing a picture.

Method Training(min) Inference(ms/p) mIoU

FCN [4] 61 59.6 45.76
PSPNet [8] 69 57.6 50.21
Deeplabv3 [15] 91 67.0 50.73
UperNet [36] 44 66.3 48.90

FCN [4] +CAA 75(↑23%) 68.6(↑15%) 50.82
PSPNet [8] + CAA 91(↑32%) 72.6(↑26%) 52.05
Deeplabv3 [15] + CAA 114(↑25%) 79.3(↑18%) 52.37
UperNet [36] + CAA 71(↑61%) 78.2(↑18%) 51.57

Table 7
Comparisons with the state-of-the-art methods. We employ a multi-scale and flipped
testing approach to compare segmentation performance on the validation set of
ADE20K, testing set of COCO-Stuff, and testing set of Pascal-Context. We utilize mIoU
as the evaluation metric and the best performance is in bold.

Method Backbone ADE20K COCO-Stuff Pascal-Context

CCL [29] ResNet101 – 35.70 51.60
PSPNet [8] ResNet101 43.29 38.86 53.50
PSANet [20] ResNet101 43.77 – –
EncNet [9] ResNet101 44.65 – 51.70
CFNet [48] ResNet101 44.89 – 54.00
DANet [10] ResNet101 45.22 39.70 52.60
OCRNet [23] ResNet101 45.28 39.50 54.37
OCNet [47] ResNet101 45.40 39.10 54.00
SpyGR [49] ResNet101 – 39.90 52.80
CTNet [35] ResNet101 45.94 – 55.50
RANet [50] ResNet101 – 40.70 54.90
SPNet [11] ResNet101 45.60 – 54.50
ACNet [30] ResNet101 45.90 40.10 54.10
CPNet [24] ResNet101 46.27 – 53.90
FLANet [51] ResNet101 46.68 – –
PCAA [52] ResNet101 46.74 – 55.60
ISNet [12] ResNet101 47.31 41.60 –
UperNet [36] Swin-Large 52.10 48.60 60.30
UperNet+CAR [53] Swin-Large – 44.88 58.97
GSS-FT-W [54] Swin-Large 48.54 – –
SegDeformer [55] Swin-Large 53.90 49.51 –
TSG [56] Swin-Large 54.2 – 63.3
UperNet+CAC [57] Swin-Large 54.43 – –
UperNet [58] InternImage-B 51.30 45.30 61.34

UperNet+CAA (ours) ResNet101 47.45 41.00 55.57
UperNet+CAA (ours) ViT-Large 50.35 45.64 61.11
UperNet+CAA (ours) InternImage-B 51.86 46.64 62.08
UperNet+CAA (ours) Swin-Large 54.59 49.96 64.38

semantic affinity map to discern whether two pixels belong to the same
class, subsequently generating intra-class and inter-class pixel repre-
sentations. Furthermore, we incorporate the pixel’s class association
into the calculation of the respective class center and aggregate both
intra- and inter-class pixel representations. At last, CAA can be an addi-
tional supplementary module to the existing mainstream segmentation
framework. Comprehensive experiments verify the effectiveness of our
approach. Our CAA achieves mIoU of 54.59% on ADE20k, 49.96% on
COCO-Stuff, and 64.38% on Pascal-Context.

6. Future work

This study has addressed pixel-to-pixel relation and pixel-to-class
association for semantic segmentation within individual images. Recent
works [59,60] propose to mine cross-image contextual information for
improving the performance of semantic segmentation. Inspired by this,
we plan to extend the idea of CAA to explore potential cross-image
pixel-to-pixel relations and pixel-to-class association to further enhance
9

contextual information.
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