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Abstract
Human parsing is a fundamental task aimed at segmenting human images into
distinct body parts and holds vast potential applications. Nowadays, the ad-
vancement of image-capturing devices has led to a growing number of high-
resolution human images. Receptive field, details loss and memory usage are a
triplet of contradictions in high-resolution scenarios. Existing human parsing
methods designed for low-resolution inputs struggle to process high-resolution
images efficiently due to their massive demands for computation and memory.
Some methods save resources by overwhelmingly downsampling or encoding
high-resolution inputs at the cost of poor performance on details. To resolve
the issues above, we propose the Bilateral Edge-Perceiving Network (BiEPNet),
consisting of a resources-friendly semantic-perceiving branch to acquire suffi-
cient global information and a simple yet effective edge-perceiving branch used
to refine details. The attention mechanism is utilized to simultaneously en-
hance the perception of context and details, leading to better performance on
the boundary regions. To verify the effectiveness of BiEPNet, we contribute
a high-resolution human parsing dataset, Human4K, containing 4,000 images
with more than five million pixels. Extensive experiments on Human4K demon-
strate that our method outperforms state-of-the-art methods while maintaining
memory efficiency.
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ABSTRACT
Human parsing is a fundamental task that aims to segment human images into
distinct body parts and holds vast potential for applications. With the advance-
ment of image-capturing devices, high-resolution human images have become
increasingly common. However, receptive field, detail loss, and memory usage
form a triad of competing constraints in high-resolution scenarios. Existing hu-
man parsing methods designed for low-resolution inputs struggle to efficiently
process high-resolution images due to their massive computational and memory
demands. While some methods conserve resources by aggressively downsam-
pling or encoding high-resolution inputs, they sacrifice detail preservation and
achieve poor performance on fine-grained structures.

To address these issues, we propose the Bilateral Edge-Perceiving Network
(BiEPNet), which consists of a resource-efficient semantic-perceiving branch to
capture sufficient global information and a simple yet effective edge-perceiving
branch to refine details. An attention mechanism is utilized to simultaneously
enhance the perception of context and details, leading to improved performance
in boundary regions. To verify the effectiveness of BiEPNet, we introduce Hu-
man4K, a high-resolution human parsing dataset containing 4,000 images with
over five million pixels. Extensive experiments on Human4K demonstrate that
our method outperforms state-of-the-art methods while maintaining memory
efficiency.

Index Terms: Human-centered computing—Human Parsing—High-
Resolution

1 INTRODUCTION
Human parsing is a fine-grained semantic segmentation task that aims to as-
sign pixel-level labels to input human images [?]. As a core component of
human understanding tasks, human parsing has drawn significant interest from
researchers in the deep learning era and has found widespread applications in
fashion, e-commerce, safety, image editing, and beyond.

Despite achieving great success, existing human parsing methods are universally
trained and validated on images with approximately 100,000 pixels. However,
with the advancement of image-capturing devices, high-resolution human im-
ages have proliferated on social networks. Most modern cameras and displays
surpass 1080P resolution (1920 × 1080, 2 million pixels), while commercial de-
vices have been upgraded to 4K UHD (3840 × 2160, 8 million pixels) [?]. Under
these conditions, existing human parsing methods can hardly generalize to high-
resolution scenarios due to memory and computational limitations.
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DeepLabv3+ [?] is one of the most impactful semantic segmentation models,
widely adopted in various tasks [?, ?, ?]. Building upon the atrous spatial
pyramid pooling (ASPP) module proposed in [?], DeepLabv3+ introduced an
encoder-decoder structure that incorporates low-level features extracted by the
backbone into the decoding process. Based on empirical studies, we find that
while this skip-layer design helps the model discriminate foreground from back-
ground effectively, details within the subject are often ignored. Additionally,
the sharp increase in GPU memory usage caused by shortcuts [?] is intolerable
in high-resolution scenarios.

Downsampling and sliding windows represent two intuitive solutions to this
dilemma. As shown in Fig. 1, downsampling-based methods first reduce high-
resolution images to low resolution, then directly upsample the low-resolution
predictions to obtain high-resolution segmentation maps. Sliding-window-based
methods crop the entire image into several patches and make predictions for
each independently. However, both approaches suffer from critical drawbacks.
Simple downsampling of high-resolution images leads to detail loss, particularly
for small-scale objects, resulting in performance degradation. Sliding-window
methods feed the network with only a patch of the whole image, saving memory
at the cost of contextual consistency.

Recently, several resource-efficient segmentation models have been proposed,
inspiring research on high-resolution image processing. Among these, dual sub-
network architectures are particularly compelling. BiSeNet [?] was initially de-
signed for real-time semantic segmentation, but its excellent trade-off between
memory usage and performance makes it an ideal baseline for high-resolution
semantic segmentation. Building upon bilateral path design, ISDNet [?] com-
bines a deep segmentation network (where high-resolution images are downsam-
pled) with a shallow network, gradually fusing features to generate final high-
resolution outputs. Similarly, PGNet [?] introduces a pyramid grafting network
to fuse features from deep convolutional networks and transformer architectures
for high-resolution salient object detection.

We argue that these methods are sub-optimal. The context path in BiSeNet
overwhelmingly encodes the input to 1/32 of its initial size, failing to main-
tain details. Meanwhile, the “DeepNet+ShallowNet” structures in ISDNet and
PGNet can confuse the network during feature fusion due to the independent
semantics of the two branches. Additionally, simple downsampling for compu-
tational reduction in the deep network reintroduces detail loss.

To tackle these problems, we propose a novel Bilateral Edge-Perceiving Net-
work (BiEPNet, illustrated in Fig. 1(c)) for high-resolution human parsing that
can be trained and validated end-to-end. Our BiEPNet comprises a memory-
efficient semantic-perceiving branch to provide abundant global context infor-
mation and an efficient edge-perceiving branch to ensure focus on details. Unlike
typical bilateral structures that heavily downsample or encode high-resolution
input images, we preserve resolutions for both input images and feature maps,
striking a balance among receptive field, details, and memory usage. Moreover,
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our edge-perceiving branch effectively learns representations of high-frequency
regions, thereby augmenting attention to details and yielding significant im-
provements in overall high-resolution human parsing. Compared to generic se-
mantic segmentation methods, we consume less GPU memory while achieving
better performance. To verify the effectiveness of BiEPNet, we contribute a
high-resolution, well-annotated human parsing dataset called Human4K and
conduct comprehensive experiments on it.

The contributions of this paper can be summarized as follows:

• We propose a resource-efficient yet effective framework called Bilateral
Edge-Perceiving Network (BiEPNet) that directly processes high-
resolution human images while maintaining both sufficient receptive field
and attention to details.

• We contribute Human4K, a high-resolution human parsing dataset includ-
ing 4,000 human images with over 5 million pixels and accurate annota-
tions.

• Extensive experiments demonstrate that our method achieves superior per-
formance compared to existing methods while consuming fewer memory
resources during inference.

2.1 Semantic Segmentation
Semantic segmentation is a significant task in computer vision that has achieved
remarkable success. Deep convolutional neural networks have enabled the devel-
opment of FCN-based [?] semantic segmentation models, which have been tested
on various benchmarks and yielded impressive results [?, ?, ?]. DeepLabv3+
[?] utilizes an atrous spatial pyramid pooling module with an encoder-decoder
structure to acquire sufficient information from multiple levels. PSPNet [?]
introduces a pyramid pooling module to capture multi-scale context. Despite
achieving extraordinary performance, these methods require massive spatial and
temporal computational costs due to their architectures. The linear increase in
computational cost with input size causes these architectures to struggle with
effectively processing high-resolution images.

To address the problems raised by heavyweight models, several lightweight yet
competitive segmentation models have been proposed. BiSeNetV1 [?] introduces
a bilateral structure composed of a context path and a spatial path for high-level
information and low-level details, respectively. Building upon BiSeNet, STDC
[?] presents a lightweight backbone to achieve faster speed and higher accu-
racy. However, these methods do not robustly handle high-resolution segmenta-
tion. In contrast, we propose a novel high-resolution human parsing framework
that incorporates a semantic-perceiving branch and an edge-perceiving branch,
yielding competitive or even superior results compared to both lightweight and
heavyweight models.
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2.2 Human Parsing
Human parsing has experienced significant development in the deep learning
era. Context learning has emerged as a prominent paradigm for human parsing.
Chen et al. [?] exploited the attention mechanism for modeling human struc-
tures, and subsequently Chen et al. [?] recalibrated regional feature weights for
segmentation results. Wang et al. [?] designed a parallel-connected network
to aggregate features at different resolutions for stronger context information.
Other studies have attempted to use auxiliary information as additional supervi-
sion to refine human parsing results. Ruan et al. [?] proposed CE2P, leveraging
global context information and edge details to benefit human parsing. Due to
its superb performance, CE2P has been widely used as a baseline for subsequent
works. Zhang et al. [?, ?] introduced pose information as auxiliary supervision to
further help the model understand relationships among human parts. SCHP [?]
utilized self-correction methods to reduce annotation noise in LIP [?], achieving
1st place in the CVPR2019 LIP Challenge. CDGNet [?] suggested that human
parts are highly related to their positions, generating horizontal and vertical
class distribution labels as supervision signals.

2.3 High-Resolution Image Processing
While downstream tasks in computer vision have been extensively researched,
most focus has been on low-resolution input and output, leaving high-resolution
scenarios insufficiently explored. CascadePSP [?] is one of the earliest works to
study high-resolution image processing. It is a model-agnostic structure that
continuously refines output from the previous stage. Additionally, some works
[?, ?, ?] have attempted to refine boundary performance to promote overall
accuracy. Recently, PGNet [?] introduced a framework fusing features from
both CNN and Transformer to leverage their advantages for high-resolution
salient object detection. Although these works have shown promising results in
binary classification tasks, the dynamics change when dealing with multi-class
classification, primarily due to inter-class conflicts.

The global-local framework is a popular paradigm for solving high-resolution
segmentation. GLNet [?] combines context information from the global branch
with details from the local branch to improve segmentation results. Similarly,
PPN [?] proposed a classification branch to select important patches and fuse
them with global images. MagNet [?] progressively refines rough results using
multi-scale processing. ISDNet [?] proposed a “DeepNet+ShallowNet” struc-
ture to learn information from different scales. However, these solutions involve
redundant computation and slow prediction speed, and the information inter-
action between branches can confuse the network. In contrast, we endow our
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network with independent abilities that contribute to segmentation results in a
resource-efficient manner.

3 HIGH-RESOLUTION HUMAN PARSING DATASET
Existing Human Parsing Datasets. Current publicly available human pars-
ing datasets are relatively scarce compared to generic semantic segmentation
datasets. ATR [?] and LIP [?] are two standard datasets commonly used in
human parsing research. The LIP dataset comprises 50,462 images divided into
30,462/10,000/10,000 for training/validation/testing and labeled with 20 seman-
tic classes. In contrast, the ATR dataset consists of 17,700 images distributed
across 18 categories. While these datasets are large in scale, they typically ex-
hibit low resolution, with most images containing at most hundreds of thousands
of pixels. Moreover, they suffer from several drawbacks that impede represen-
tation learning (see Fig. 2). First, labels are often noisy. Second, humans
displayed in some images are incomplete or fragmented. Third, there exists a
mismatch between images and annotations where the number of objects differs
from the number of annotations.

Human4K: A High-Resolution Human Parsing Dataset. To bridge the
gap between high-resolution scenarios and human parsing, we contribute Hu-
man4K, a high-resolution human parsing dataset. This dataset was initially
collected by Maadaa Data and includes over 10,000 images. We selected 4,000
images to form the Human4K dataset. Each image contains at least 5 million
pixels, approaching 4K resolution, and some images exceed 20 million pixels,
meeting the standards of contemporary commercial cameras. We follow the
category definitions from LIP for the first 20 categories and add two additional
categories: Torso-skin and Else (initially labeled as necklace, bracelet, etc.), re-
sulting in 22 categories total. Images are randomly split into 2,500/500/1,000
for training/validation/testing.

Unlike LIP, where person instances are cropped from Microsoft COCO [?], all
images in Human4K are captured in real-world scenes with varying complex-
ity. Each sample in Human4K strictly displays only one person, avoiding mis-
matches between human instances and annotations. To make our network more
human-centric, nearly all images include the Face category, while exhibiting
diverse appearances, postures, and viewpoints. Our Human4K addresses the
aforementioned drawbacks of existing datasets.

4.1 Architecture Overview
Based on Human4K, we propose Bilateral Edge-Perceiving Network (BiEPNet).
As shown in Fig. 3 [Figure 3: see original paper], BiEPNet comprises a semantic-
perceiving branch and an edge-perceiving branch. The two branches are de-
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signed with distinct objectives but collaborate closely to contribute to the pars-
ing result. The semantic-perceiving branch aims to provide sufficient semantic
and context information using a segmentation network (Section 4.2), while the
edge-perceiving branch enhances attention to boundary regions (Section 4.3).
Information from the two branches is fused using an attention-based method to
produce the final result. Unlike ISDNet [?], we directly feed both branches with
high-resolution input images without downsampling.

4.2 Semantic-perceiving Branch
Our semantic-perceiving branch serves as a strong global context information
perceptor, following the design of DeepLabv3 [?]. Given an image 𝐼 ∈ ℝ3×𝐻×𝑊 ,
where 𝐻 and 𝑊 are the height and width respectively, the backbone outputs a
feature map from the last block denoted as 𝑓 ∈ ℝ𝐶×ℎ×𝑤 where (ℎ, 𝑤) = ( 𝐻

8 , 𝑊
8 ).

The feature 𝑓 is then decoded with an ASPP head [?] to obtain strong semantic
information 𝑓𝑠𝑝 ∈ ℝ𝐶𝑠𝑝×ℎ×𝑤. An FCN [?] head can be added on top of the
semantic-perceiving branch to acquire the coarse segmentation map 𝑆𝑑𝑒𝑒𝑝 ∈
ℝ𝑐𝑙𝑠×ℎ×𝑤, where 𝑐𝑙𝑠 is the number of categories.

Compared with the context branch in BiSeNet [?] and the deep net in ISDNet
[?], our semantic-perceiving branch captures abundant semantic information
without compromising dense prediction requirements. BiSeNet overwhelmingly
encodes the input image with an output stride of 32 (ours is 8), while ISDNet
directly downsamples the input image into 𝐼 ∈ ℝ3× 𝐻

4 × 𝑊
4 to preserve memory,

degrading details in high-resolution input images.

4.3 Edge-perceiving Branch
Prediction quality on boundary regions is one of the most distinctive challenges
in human parsing [?, ?, ?, ?]. Compared to complex semantic information,
edge information is relatively low-level. Traditional operators [?, ?] can obtain
coarse edge maps from RGB images. In the deep learning era, these operators
are simulated using non-learnable convolutional operators [?, ?]. We argue
that edge information can be effectively perceived with just a few convolutional
layers, and leveraging this information can significantly enhance overall parsing
results.

Based on empirical studies, we observe that low-level features in DeepLabv3+
[?] struggle to recognize details within effectively discriminated foreground and
background regions (see Fig. 4 Figure 4: see original paper). In BiSeNet’s
spatial path [?], which consists of several convolutional layers, edge parts are
perceived but make weak contributions to subsequent processing (see Fig. 4(b)).
To enhance the utilization of boundary information for refining parsing results,
we employ several convolution layers as a boundary extractor and reinforce
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the features with a self-attention mechanism, thereby constructing our edge-
perceiving branch. Let features extracted by consecutive convolution layers be
denoted as 𝑓𝑠 ∈ ℝ𝐶𝑠×ℎ×𝑤.

To relate detailed edge information with other spatial positions both near and
far, we utilize the interlaced sparse self-attention mechanism [?] on 𝑓𝑠 to finally
acquire features with strong edge information 𝑓𝑒𝑝 ∈ ℝ𝐶𝑒𝑝×ℎ×𝑤 (see Fig. 4(c)).
Unlike [?, ?] where edge detector parameters are fixed, all parameters in our
edge-perceiving branch are learnable.

Considering that features from the semantic-perceiving branch 𝑓𝑠𝑝 and edge-
perceiving branch 𝑓𝑒𝑝 are responsible for perceiving different information and
contribute unequally to parsing results, we follow [?] to fuse them using a
channel-wise attention method that exploits the relationship between seman-
tic information and edge details. Finally, the predicted human parsing result is
produced by a standard segmentation head.

4.4 Loss Functions
Human Parsing Loss. Standard cross-entropy loss is used for the final parsing
results (𝐿ℎ𝑝) as well as auxiliary supervision on the semantic-perceiving branch
𝑆𝑑𝑒𝑒𝑝 (𝐿𝑎𝑢𝑥).

Edge Perceiving Loss. Following [?], we adopt a weighted binary cross-
entropy loss (𝐿𝑒𝑝) to supervise training of the edge-perceiving branch. 𝐿𝑒𝑝
is defined as follows:

𝐿𝑒𝑝 = − ∑
{1∶𝑏𝑖>𝑡}

(𝑠𝑖,𝑐 log ̂𝑠𝑖,𝑐)

where 𝑡 is a predefined threshold, 𝑏𝑖 is the output of the edge prediction head,
and 𝑠𝑖,𝑐 and ̂𝑠𝑖,𝑐 are the ground-truth and prediction result of the 𝑖-th pixel for
class 𝑐, where 𝑐 ∈ (0, 1). Ground-truth edge maps are generated following [?].

Fusion Loss. Features from the semantic-perceiving branch and edge-
perceiving branch are fused and enhanced by attention. Auxiliary supervision
is imposed on these enhanced features, deriving the fusion loss 𝐿𝑓𝑢𝑠𝑒:

𝐿𝑓𝑢𝑠𝑒 = 𝐿𝑓𝑢𝑠𝑒
ℎ𝑝 + 𝐿𝑓𝑢𝑠𝑒

𝑒𝑝

Total Loss. The total loss 𝐿 is a weighted combination of the losses mentioned
above:

𝐿 = 𝜆1𝐿ℎ𝑝 + 𝜆2𝐿𝑒𝑝 + 𝜆3𝐿𝑓𝑢𝑠𝑒
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Note that all prediction heads except the final segmentation head only operate
during the training phase.

5.1 Implementation Details
Our method comprises a semantic-perceiving branch and an edge-perceiving
branch. The semantic-perceiving branch employs DeepLabv3 [?] with ResNet-
18 [?], while the edge-perceiving branch consists of four convolution blocks by de-
fault. ResNet-18 parameters are initialized using a pretrained ImageNet model
[?]. All loss weights are set to 1.0 in Equation 3.

We use the mmsegmentation framework [?] as our codebase. Data augmen-
tations for human parsing differ slightly from generic semantic segmentation.
Considering memory usage during training and the continuity of human body
structures, we resize the longest edge of an input human image to 1024 while
preserving its aspect ratio. Next, we randomly scale the image with a scaling
factor varied in (0.5, 2). Furthermore, we crop a 1024 × 1024 patch from the
scaled image, balancing human body continuity and training data abundance.
Notably, distinguishing left/right pairs in human images is a special challenge;
label pairs should be swapped if horizontal flipping occurs. Images are padded
to 1024 × 1024 during inference.

BiEPNet parameters are optimized using SGD with momentum 0.9 and weight
decay 5e-4. The initial learning rate is set to 0.01, and we apply a warmup
strategy for the first 1K iterations with a warmup factor of 0.1. The learning rate
is then adjusted using a polynomial decay with parameter 0.9, with maximum
iterations set to 80K. Experiments are conducted with a batch size of 8 for
training on 4 NVIDIA GeForce RTX 3080Ti GPUs. Memory usage is measured
with batch size 1 on an RTX 3080Ti GPU.

5.2 Experiments on Human4K
We evaluate our framework on Human4K. First, we compare BiEP with several
reproduced generic semantic segmentation methods on Human4K. In addition to
the standard evaluation metric mean Intersection over Union (mIoU), we focus
on boundary performance—a key challenge in human parsing—by averaging
boundary IoU [?] for each class to obtain mean boundary IoU (mBIoU). For
fair comparison, all methods in Table 1 (except STDC [?]) use ResNet-18 [?] as
the backbone with input size 1024 × 1024.

Compared to the approaches listed in Table 1, our method not only achieves the
highest mIoU but also performs best on boundary regions. Based on quantita-
tive results, we draw two conclusions: (1) Benefiting from the edge-perceiving
branch design, BiEPNet outperforms others on challenging categories such as
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‘Socks’, ‘Left/Right pairs’, and especially ‘Scarf’, where the improvement is over-
whelming; (2) The semantic-perceiving branch yields competitive understanding
for common categories like ‘Hair’ and ‘Pants’. We also report average memory
consumption during inference for each method to demonstrate our efficiency.
CE2P is our main competitor in terms of performance, but it consumes 41.17%
more memory than our method due to redundant usage of low-level features
from the backbone.

Fig. 5 [Figure 5: see original paper] presents qualitative results, primarily com-
paring our method with the baseline DeepLabv3+ and state-of-the-art ISDNet.
DeepLabv3+ performs well at locating the subject in the image, but pixels
within semantic regions are often misclassified (manifested as spots within re-
gions). Suffering from extreme downsampling in the deep branch, ISDNet ex-
hibits poor performance on details, leading to blurred boundary recognition.
Both quantitative and qualitative experiments demonstrate that BiEP success-
fully balances memory consumption and performance.

5.3 Ablation Studies
To illustrate the effectiveness of each module in BiEPNet, we conduct compre-
hensive ablation studies focusing primarily on our edge-perceiving branch.

Ablations of Compositions. Our baseline method uses the naive semantic-
perceiving branch with DeepLabv3 and ResNet-18, with channel-wise attention
as the default fusion method. Table 2 shows that edge details provided by the
edge-perceiving branch boost overall performance by a large margin, and the
self-attention mechanism adopted on top of the edge-perceiving branch further
improves performance.

Ablations of Convolution Layer Count. Table 3 presents results with
different numbers of convolution layers in the edge-perceiving branch. When
the number is fewer than three, large feature maps cause out-of-memory errors.
The third line demonstrates that more convolution layers can degrade overall
performance, so we use four layers by default.

Ablations of Fusion Methods. Similar to [?], we compare different fusion
methods in Table 4 . ADD directly adds same-sized features from the semantic-
perceiving and edge-perceiving branches and passes them through a convolution
block, while CAT concatenates the two features and passes them through a con-
volution block (requiring twice the input channels of ADD). Comparison results
demonstrate the effectiveness of the channel-wise attention fusion method.
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6 CONCLUSION AND LIMITATIONS
This paper presents a high-resolution human parsing framework consisting of a
semantic-perceiving branch and an edge-perceiving branch, endowing the net-
work with superb abilities to process both global and local information simulta-
neously. The two branches cooperate to produce final parsing results through
a channel-wise attention mechanism. Our memory-friendly method surpasses
several state-of-the-art methods on our contributed Human4K dataset.

However, due to category imbalance, we notice that training results can vary
with random seeds, and this problem is not consistently resolved in this paper.
Systematic exploration of more robust architectures and methods for prepro-
cessing human images warrants further research.
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