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Abstract: To overcome the interference caused by varying lighting conditions in human
pose estimation (HPE), significant advancements have been made in event-based ap-
proaches. However, since event cameras are only sensitive to illumination changes, static
human bodies often lead to motion ambiguity, making it challenging for existing methods
to handle such cases effectively. Therefore, we propose EvTransPose, a novel framework
that combines an hourglass module for global dependencies and a pyramid encoding
module for local features. Specifically, a transformer for event-based HPE is adopted to
capture the spatial relationships between human body parts. To emphasize the impact
of high resolution on HPE tasks, this work designs the cascading hourglass architecture
to compress and recover the resolution of feature maps frequently. On this basis, an
intermediate-supervision constraint is incorporated to guide the network in aggregating
sufficient features during the intermediate stages, which ensures better feature refinement
and enhances overall performance. Furthermore, to facilitate a thorough evaluation of our
method, we construct the first event-based HPE dataset with RGB reference images under
diverse lighting conditions. Comprehensive experiments demonstrate that our proposed
EvTransPose framework outperforms previous methods in multiple aspects.

Keywords: event camera; human pose estimation; intermediate supervision; transformer

1. Introduction
Human pose estimation (HPE) aims to localize human keypoints and plays a crucial

role in various computer vision applications. Vision-based HPE has been extensively
investigated in recent years, primarily adopting conventional sensors such as motion
capture systems or RGB-D vision sensors [1–4]. However, approaches with these sensors
are inherently limited by their imaging mechanisms, which pose challenges in capturing
fine texture details of the target, especially under adverse lighting conditions such as
darkness, backlighting, and overexposure. These limitations hinder the effectiveness of
traditional sensor-based methods in scenarios where illumination is suboptimal.

In contrast to traditional frame-based cameras, event cameras, which asynchronously
measure per-pixel brightness changes, offer advantages such as a high dynamic range
(HDR, 120 dB), low power consumption, and high temporal resolution (up to 1 µs) [5,6].
Recent work has also revealed the potential of event cameras in HPE, as their asynchronous
imaging characteristic effectively mitigates the interference caused by lighting conditions
and focuses on dynamic motion [7–10]. However, owing to the dependence on relative
changes in brightness, event cameras struggle to capture events generated by a static human
body under constant lighting conditions. During this time interval, the captured events
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may correspond to multiple human poses, a phenomenon referred to as “motion ambiguity”
in the context of event-based human pose estimation [11]. This ambiguity arises since static
human body parts can exhibit multiple pose states, and the corresponding pose changes
reflected by events may be indistinguishable.

A promising approach to overcoming the motion ambiguity issue, without introducing
additional temporal information, is to supplement and predict the static local part of the
target by modeling global dependencies with sufficient information from other parts [12–15].
The validity of this idea has been verified in MAE [16], and the Vision Transformer (ViT)
[17] has made a key contribution to this process. Furthermore, local features cannot be
ignored in event-based HPE since adjacent pixels still contain motion information about
the target, even though they lack texture details. Based on the above analysis, there are
three key challenges in achieving robust and powerful performance in event-based HPE:

• How to make full use of global dependencies to accurately predict the human joint
coordinates in the presence of motion ambiguity.

• How to ensure the effective extraction of local features on this basis for high accuracy
in normal prediction.

• How to maintain the consistency of global dependencies and local features to avoid
the negative impact of their conflict on the estimation results.

Recent research in related fields has provided valuable insights that can help address
these issues. For instance, studies on cognitive computing-based flexible rectifiers for flow
state prediction [18] have demonstrated the potential of adaptive algorithms in dynamic and
uncertain environments, which aligns with the challenges faced in event-based HPE. In a
similar vein, research on voltage-driven oscillating liquid-flow robots [19] has explored how
dynamic control can be applied to fluid systems to achieve precise movement. Although the
aforementioned work focused on mechanical systems, the underlying concepts of dynamic
control share similarities with the challenges we address in our framework, particularly
when handling static body poses under varying lighting conditions.

To address the above challenges, we propose EvTransPose, a novel model with an
hourglass module for capturing global dependencies and a pyramid encoding module for
encoding local features to realize event-based HPE. A transformer-based hourglass module
is proposed to effectively integrate global dependencies by leveraging the self-attention
mechanism. In detail, the pyramid encoding module is adopted to efficiently collect and
flatten the local feature maps as input to the self-attention module at different scales, and
the deconvolution decoding module is utilized to restore the output to heatmaps with the
same resolution as the original input. To preserve the comprehensive perception of HPE
during feature extraction and maintain consistency between local and global features, our
model employs a cascade of hourglass modules, which facilitates the iterative process of
top-down compression and bottom-up recovery during inference. In summary, the main
contributions of our work are as follows:

1. We adopt an attention mechanism for event-based HPE to capture the spatial rela-
tionships between human body parts, which can efficiently tackle the challenge of
motion ambiguity.

2. We introduce an intermediate-supervision constraint to aggregate features from a
more balanced perspective, facilitating the coordination of local and global features.
Additionally, a cascading hourglass architecture is proposed to make intermediate
features learnable and conditioned by loss functions.

3. We design a hybrid imaging system capable of capturing event streams and RGB
images simultaneously and build the first HPE dataset based on events with RGB
reference images in a variety of lighting conditions, providing strong support for
subsequent research.
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The remainder of this paper is organized as follows. Section 2 reviews previous works
related to our proposed method, including frame-based HPE methods and event-based
ones. Our proposed framework, including the HPE network, the cascading hourglass
architecture, and relevant loss functions, is described in Section 3, and the event-based HPE
dataset is presented in Section 4. Section 5 reports qualitative and quantitative comparisons
with several state-of-the-art methods, followed by ablation studies. Finally, the conclusions
are given in Section 6.

2. Related Works
Although there are also many works based on wearable sensors in HPE that collect data

through Inertial Measurement Units (IMUs) [20], accelerometers [21], and gyroscopes [22]
and output results through a Kalman filter [23,24], they are inherently constrained by the
need for various wearable sensors and the location drift issue [25,26]. Similar challenges
are also present in the field of human–robot collaboration (HRC) [27]. Consequently, this
study places more emphasis on vision-based HPE.

2.1. Frame-Based Human Pose Estimation

Previous HPE methods consisted of regression-based methods and heatmap-based
methods. Earlier studies on HPE mainly focused on regression since HPE is naturally
regarded as a regression problem. Typical methods generally extracted features from
input by designing hand-crafted features such as SIFT [28] and HOG [29]. Although some
authors attempted to develop a hand-designed model for HPE or an aligning mechanism
to better learn the structure-aware information [30,31], regression-based methods are not
as accurate as heatmap-based ones [32,33]. The main reason for this is that a heatmap
combined with the original image can retain informative vision features, and the task is
transformed into a segmentation problem, which operates at the pixel level, rather than a
highly nonlinear coordinate regression problem. Recent heatmap-based methods tend to
stack deeper architectures or preserve multi-resolution feature maps to enhance the quality
of heatmaps [34–37]. However, due to the inherent locality of convolution, CNNs reveal
their limitation in capturing and modeling constraint relationships between keypoints,
which is crucial for HPE.

Due to its attention layers, the transformer architecture [38] has a natural advantage
over CNNs in terms of capturing interactions between any pairwise locations [39–43]. In
the context of HPE, transformers can be well exploited to model global dependencies, thus
alleviating the motion ambiguity issue regardless of whether directly regressing [44] or
predicting heatmaps [45,46].

2.2. Event-Based Human Pose Estimation

In event-based vision, there have been very few investigations addressing human
pose estimation. Existing methods use different representations of events, such as event
count images (ECIs), voxels, point clouds, and their variants. Represented by TORE [47],
voxels preserve event characteristics and informative temporal features. However, events
with similar time stamps may be placed in different channels, resulting in significant
time disparities within the same channel, which destroys the coherence of the space-time
structure to some extent. In contrast with ECIs, by making use of the natural properties
of events as synchronous signals with high temporal resolution, point clouds offer lower
latency and reduced computational overhead [48].

One of the most effective and general strategies is to represent the event data as syn-
chronized event frames so as to directly use the mature frame-based HPE network. Recent
methods have demonstrated the advantages of this strategy and have built event-based
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real-world datasets [49] or simulation datasets [50], but they are still scarce. Furthermore,
they have highlighted the challenge of motion ambiguity and its limitation in event-based
HPE tasks. However, recent works have focused on incorporating additional information
sources, like grayscale images [51,52] or novel representations of events [47,48], which
complicates both data acquisition and forward networks.

3. The Proposed Method
In this section, we first present the detailed design of our EvTransPose framework in

Section 3.1, followed by the intermediate-supervision constraint in Section 3.2.

3.1. Network Architecture

As illustrated in Figure 1, our proposed EvTransPose mainly consists of M1 cascading
hourglass modules, which are responsible for extracting semantic information from the
input event frames. It is composed of four components: one pyramid encoding module,
M2 cascading self-attention modules, one deconvolution decoding module, and one pose
estimation head module. Next, we elaborate on the details of the composition of the
hourglass module in order of precedence.

Figure 1. Schematic illustration of the proposed EvTransPose framework. Event frames flow through
the M1 cascading hourglass modules to produce the expected HPE results. In detail, the pyramid
encoding module compresses the resolution of the input and encodes feature maps to obtain the block
embeddings. Next, these embeddings are sent to the M2 cascading self-attention modules, focusing
on integrating global dependencies and generating feature maps. Then, the deconvolution decoding
module recovers the resolution of feature maps, and the pose estimation head module predicts the
human joint coordinates.

3.1.1. Pyramid Encoding Module

The sizes of human bodies in images vary significantly, leading to different spatial
distributions of individuals within the frame, which makes it difficult to extract local
features using convolutions at a fixed scale. Therefore, a multi-parallel pyramid structure
convolution, as shown in Figure 2, is utilized to expand the receptive field while maintaining
a low parameter count, which consists of two main branches. In the first branch, input
images flow through a convolution with a kernel size of s × s and a step size of s × s for
S-fold downsampling. Specifically, as input, a feature frame Fin ∈ RC×W×H is embedded by
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the first branch into feature vectors, i.e., F1 ∈ R(s2C)×(W
s )×( H

s ), where s is the downsampling
ratio and C is the channel dimension. The other branch flows through the multi-level
feature extraction (MFE) module which includes four parallel convolutions with a kernel
size of 3 × 3 and dilation rates of 1, 2, 3, and 4, respectively, resulting in feature vectors
Fk ∈ RC×W×H , where k = 1, 2, 3, 4. By concatenating these feature vectors together, one
can obtain features with comprehensive information on multi-scale human body parts,
followed by an AvgPool for S-fold downsampling. To ensure that the intermediate vector
has the same number of channels as F1, a 1× 1 convolution is subsequently applied. Finally,
the result is added to F1 and flattened, yielding the expected embeddings F ∈ RNemb×d,
where Nemb = WH

s2 and d = s2C. Compared with single-scale convolutional blocks, our
pyramid encoding module maps data into the latent space to obtain more robust feature
representations, thereby allowing for more accurate human joint coordinate localization
under challenging conditions.

Figure 2. (a) Architecture of the pyramid encoding module. (b) Architecture of the MFE module,
where S and D denote the number of strides and dilation rates, respectively.

3.1.2. Self-Attention Module

To fully leverage global dependencies for accurate HPE prediction amidst motion
ambiguity, self-attention (SA) is incorporated into the hourglass modules. For the initial
feature F ∈ RNemb×d, self-attention is formulated as

SA(F) = Softmax

(
FWQ(FWK)

T
√

d

)
FWV , (1)

where the parameters of the fully connected layer (WQ, WK, WV ∈ Rd×d) are exploited to
calculate the queries Q, keys K, and values V. In addition, in order to focus on features
with multi-scale spatial information from different perspectives, multi-head self-attention
(MHSA) is adopted, and the process is expressed as

MHSA(F) = CONCAT(SAi(F))|Nhead
i=1 × WO. (2)
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In this context, Nhead denotes the number of SA heads, and WO ∈ R(Nheadd)×d represents the
parameters of the fully connected layer for transforming the different outputs of each SA
head to the same size. Overall, our self-attention module is expressed as

F̂l−1 = Fl−1 + MHSA(LN(Fl−1)), (3)

Fl = F̂l−1 + MLP
(

LN
(

F̂l−1

))
, (4)

where LN and MLP are layer normalization and a multi-layer perceptron, respectively,
and l indicates that the feature is computed by the lth self-attention module in each
hourglass module.

3.1.3. Deconvolution Decoding Module

To ensure the continuity of the hourglass module, the features need to be recovered to
the input size RC×W×H . In the original transformer framework, embeddings are treated
as independent entities, with each embedding vector directly reshaped during decoding
to recover the original resolution. However, this approach disrupts spatial associations
between features across different channels, thereby compromising the global dependencies
captured by the attention mechanism. To mitigate this issue, deconvolution is adopted
instead of direct reshaping to preserve the global dependencies learned during the self-
attention module. This process can be formulated as

Fout = Deconv(FM2). (5)

3.1.4. Pose Estimation Head Module

In order to validate the superiority of our network structure, a 1 × 1 convolution layer
is employed to generate the localization heatmaps for the keypoints, e.g.,

Y = Conv1×1(Fout), (6)

where Y ∈ RNjoint×W×H and Njoint denotes the number of HPE keypoints.

3.2. Intermediate-Supervision Constraint

By introducing richer intermediate features, the network is encouraged to aggregate
features from a more balanced perspective, facilitating the coordination of local and global
features. In a network utilizing a single hourglass module, the embeddings can capture
both local features and global dependencies only after passing through at least one pyra-
mid encoding module and one self-attention module. However, these embeddings are not
suitable as intermediate features for constraining the network against the ground truth
unless they are decoded. Therefore, to preserve the overall consistency of features and
alleviate problems of anatomic violation, the cascading hourglass architecture divides
the continuous self-attention modules across individual hourglass modules, which en-
sures that feature extraction is learnable and conditioned by the associated loss functions.
Moreover, in practice, it is essential to carefully design the connections between cascading
hourglass modules.

3.2.1. Loss Functions

To enhance the inductive bias for lack of locality in transformers, multiple units are
connected in a sequential manner, iterating through a top-down compression and bottom-
up recovery process. Consequently, it is imperative to introduce a series of loss functions
to constrain our proposed EvTransPose method and achieve the desired outcomes. To be
specific, mean squared error (MSE) loss is employed to narrow the difference between the
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generated heatmaps and the ground-truth ones during the training process. For the kth
hourglass module, the loss is formulated as

Lk
hpe(Y, GT) =

Njoint

∑
i=1

wiLMSE(Yi, GTi)

=

Njoint

∑
i=1

wi
Npix

Npix

∑
j=1

(
Yi,j − GTi,j

)2, (7)

where Y and GT denote the output of the pose estimation head module and the ground
truth, respectively; Njoint and Npix are the number of HPE keypoints and the number of
pixels in the heatmaps, respectively; and wi represents the weight coefficient of the skeleton
keypoints. For the cascading hourglass architecture, it is imperative to design a set of
balanced loss weights. The network will overvalue the intermediate features and cause
severe degradation in the subsequent modules if too much emphasis is placed on the early
stage. However, intermediate supervision will weaken its constraints if too much emphasis
is placed on the later stage. Thus, we design a set of exponential loss weights for each stage:

Lhpe(Y, GT) =
M1

∑
k=1

λkLk
hpe(Y, GT). (8)

In this context, M1 is the total number of hourglass modules, and the loss weights λk can
be formulated as

λk = ηk−M1 , (9)

where η is an attenuation coefficient to control the decay rate of the function.

3.2.2. Inter-Module Connection

The spatial information embedded in features is vital for accurately positioning the
coordinates of the skeleton keypoints in HPE tasks. Therefore, the features generated by
each hourglass module are interconnected through skip connections to coherently retain
shallow spatial information. Moreover, these interconnections help prevent vanishing
gradients caused by the deepening of the network structure [50] and stabilize the training
process. The concrete selection of the skip connections is detailed in Section 5.

4. Dataset
Current studies on event-based HPE are still in their early stages, and an important

factor restricting development is the limited availability of datasets. At present, the only
real-world event dataset publicly available in this field is DHP19 [49]. To support our
experiments and facilitate future research, we designed a hybrid imaging system capable of
collecting event streams alongside simultaneous RGB images, creating the first event-based
HPE dataset with RGB frames as references under various lighting conditions, namely the
Challenging Human Pose (CHP) dataset.

4.1. Data Acquisition

As displayed in Figure 3, the CHP dataset was recorded by a hybrid vision camera sys-
tem equipped with a beamsplitter [53], which connects an event camera, i.e., SilkyEvCam,
to capture concurrent event streams, with a traditional RGB camera, i.e., FLIR BFS-U3-32S4,
to collect matched RGB images. Notably, aligning the two different modes in both time and
space is crucial.
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Figure 3. Implementation of our hybrid vision camera system.

4.1.1. Time Synchronization

Our system adopts low-latency hard synchronization and strictly aligns the two sets of
acquired data with a shared set of timestamps [54]. In detail, the RGB camera is the master
that sends triggers while collecting images, and the event camera is the slave that captures
events and records timestamps while receiving triggers. The sync signal is transmitted
between the sync ports of the two cameras through a high-speed data line, ensuring that
both cameras share the same set of timestamps, which indicate the time of data acquisition.

4.1.2. Space Calibration

The input light is split into two mirror images captured by the two cameras; thus, in
addition to flipping the images left to right, we need to calibrate the imaging differences
caused by the cameras’ parameter matrices [55,56]. Concretely, the process of casting the
three-dimensional space coordinates Zreal onto a two-dimensional plane (camera imaging)
can be described as (

Z
1

)
= Pin(R, t)

(
Zreal

1

)
, (10)

where Pin ∈ R3×3 defines the internal parameter matrix of the cameras, which is invertible,
and R ∈ R3×3 and t ∈ R3×1 are the rotation matrix and translation vector of the cameras,
respectively, constituting the external parameter matrix of the camera. The effect of the
translation vector t can be approximately ignored when the imaging scene is deep enough.
Then, by defining the rotation calibration matrix Rtrans, we obtain(

ZE
1

)
= PERTransP−1

RGB

(
ZRGB

1

)
. (11)

During execution, PE and PRGB are the internal parameter matrices of the event camera
and RGB camera, respectively, and ZE and ZRGB are the two-dimensional coordinates of
the same target captured by the event camera and RGB camera, respectively. By collecting
several pairs of targets captured after time synchronization, our system can use least
squares to obtain the rotation calibration matrix Rtrans, based on which two different modes
can be accurately aligned at the spatial level.

4.1.3. Space Event Representation

We choose to process event frames instead of raw event streams for several reasons:
Event frames aggregate temporal information, making it easier to capture spatiotemporal
dependencies. This approach is computationally more efficient and allows us to leverage
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existing deep learning architectures, such as CNNs and transformers, which are designed
for image-like data. Ultimately, event frames strike a balance between performance and
computational efficiency.

Specifically, for the i-th event frame, which corresponds to an RGB image frame
with timestamp ti, the event frame pixels are obtained by accumulating the events that
occurred within the time window [ti−1, ti). Let the event stream during this time period
be εi = [ej]

Ni
j=1. The pixel E(x, y) at coordinates (x, y) in the event frame can be defined

as follows:

E(x, y) =
E′(x, y)

max(E′(x, y))
× 255, (12)

E′(x, y) =
Ni

∑
j=1

δ
(
x − xj, y − yj

)
, (13)

where δ is the Dirac function, and xj and yj define the coordinates (x, y) of event
ej, respectively.

4.2. Dataset Description

The CHP dataset contains 12 predefined movements recorded from eight subjects,
including 192 pairs of event and RGB image sequences, totaling 28,800 frames. The dataset
is partitioned into training and testing subsets at a ratio of 3:1. The event streams and RGB
images are processed into frames with a resolution of 640 × 480 under the same field of
view for training. As shown in Figure 4, underexposed images, normally exposed images,
overexposed images, and synchronized event frames are depicted from left to right.

Figure 4. Samples from our proposed CHP dataset, depicting underexposed images, normally ex-
posed images, overexposed images, and synchronized event frames, from left to right, and composed
of three movement groups: general movement, upper-limb movement, and lower-limb movement
from top to bottom.

Based on the DHP19 dataset, we redefine certain movements that are difficult to clas-
sify clearly and reorganize the 12 movements into three categories: general movements (3),
upper-limb movements (5), and lower-limb movements (4). The general movements pro-
vide abundant event-related information, representing a general scenario for event-based
HPE. In contrast, upper-limb or lower-limb movements are often subject to motion ambigu-
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ity, representing a more challenging scenario. This restructuring enables us to use the CHP
dataset to more effectively assess the network’s ability to extract local features and infer
local posture from global dependencies, particularly in the presence of adverse lighting
conditions and motion ambiguity. Specifically, to enhance the robustness of the model
against variations in human pose and illumination, we applied various augmentation
techniques, including random scaling, rotation, flipping, and noise injection, to simulate
different lighting and environmental conditions.

5. Experimental Results and Discussion
5.1. Experimental Settings
5.1.1. Evaluation Metrics

Consistent with prior evaluation metrics [49,52,57], we adopted the mean per-joint
position error (MPJPE), which is a widely used metric in HPE and can be calculated in both
2D and 3D spaces (denoted as MPJPE2D (in pixels) and MPJPE3D (in mm), respectively).
While MPJPE provides an intuitive measure of the distance between the ground truth and
the predicted joints, it is subject to bias due to the perspective projection. To mitigate this,
we introduced the percentage of correct keypoints (PCK), a head-normalized metric that
is independent of camera intrinsic parameters and imaging conditions, offering a more
robust evaluation.

5.1.2. Implementation Details

We implemented our proposed EvTransPose framework in PyTorch 1.5.1 and used
Adam [58] as the optimizer. Model training was executed on four NVIDIA GeForce RTX
1080 Ti GPUs for 210 epochs. The initial learning rate was set to 0.0005. The learning rate
was reduced linearly by a factor of 10 at the 170th and 200th epochs. In addition, a linear
warm-up with an initial value of 0.1% was applied for the first 500 iterations.

5.2. Evaluations on the DHP19 Dataset

For the single-modal dataset DHP19, to compare with existing relevant state-of-art
HPE methods, we selected eleven competitive methods, categorized as CNN-based meth-
ods (SHG [34], PoseRes [36], HRNet [37], DHP19 [49], TORE [47], and DGCNN [59]),
transformer-based methods (HRFormer [60], ViTPose [45], VMST-Net [61], and PointTrans-
former [62]), and PointNet-based method (PointNet [63]).

The quantitative results are shown in Table 1. In normal scenes, our method out-
performed the baseline method, ViTPose, in MPJPE2D and MPJPE3D by 0.26 pixels and
7.93 mm, respectively. Notably, the transformer-based methods consistently performed
better than the others, highlighting the advantages of the self-attention mechanism in
capturing the global dependencies in HPE. Due to the FIFO sequence at each pixel, which
incorporates abundant temporal information, TORE mitigated motion ambiguity and de-
livered highly accurate estimations. However, in contrast to the voxel-based or point
cloud-based methods, our approach predicted more precise human joint coordinates from
a single frame. This can be attributed to our cascading hourglass architecture, which
iteratively compresses and recovers informative feature maps to facilitate the effective
integration of both local and global features, thereby addressing motion ambiguity.

The qualitative results presented in Figure 5 further validate the effectiveness of
our method. While all algorithms demonstrated commendable performance in general
movement, our method was the most effective. In scenarios involving typical motion
ambiguity, the transformer-based approaches provided relatively accurate predictions with
sparse event information compared to the CNN-based methods. For instance, the keypoint
predictions for the right foot in the boxed region exhibit noticeable differences among the
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various methods. Thanks to our novel pyramid encoding module and cascading hourglass
architecture, the proposed method preserves the consistency between global dependencies
and local features, enabling more precise localization of human keypoints. Therefore, it
outperformed other transformer-based approaches in terms of accuracy and refinement.

Table 1. Quantitative comparison of different methods on the DHP19 dataset.

Representations Frameworks Methods MPJPE2D↓ MPJPE3D↓

Frame

CNN SHG 8.29 92.16
CNN PoseRes 6.25 62.26
CNN HRNet 6.14 64.63
CNN DHP19 7.67 79.87

Transformer HRFormer 6.21 65.89
Transformer ViTPose 5.34 58.32
Transformer EvTransPose 5.08 50.39

Voxel
CNN TORE 5.44 56.46

Transformer VMST 6.45 73.07

Point Cloud
CNN DGCNN 6.83 77.32

PointNet PointNet 7.29 82.46
Transformer PointTransformer 6.46 73.37

The best results are highlighted in bold, and the second-best results are underlined.

Figure 5. Qualitative results and visualization of 3D pose estimation. The left two columns display a
jumping movement, which falls under general movement and generates abundant event information,
while the right two columns display a waving movement, which falls under upper-limb movement
and leads to motion ambiguity.



Electronics 2025, 14, 1078 12 of 19

5.3. Evaluations on the CHP Dataset

Since our method is based on events, which are represented by event frames, we
selected the frame-based methods discussed earlier as baselines to assess the performance
of our approach. Notably, all methods were retrained on our CHP dataset to ensure
consistency and validity in the evaluations.

5.3.1. Quantitative Evaluation

As shown in Table 2, the proposed EvTransPose achieved superior performance
across all metrics. In particular, owing to its excellent ability to extract local features, our
method demonstrated significant improvements over state-of-the-art frame-based methods,
especially under more stringent thresholds. To further demonstrate the robustness of our
method, Table 3 presents comparative results across various movements in the CHP dataset.
The results indicate that, for more complex movements, the transformer-based approaches
were more effective, and the CNN-based approaches exhibited noticeable performance gaps
between general movements and upper- or lower-limb movements due to their neglect of
global dependencies. HRNet and ViTPose experienced performance drops of 25.44% and
22.31% in terms of PCK@0.1, respectively, while our method maintained a much smaller
decrease of only 14.74%. All the results underscore the robustness and broad applicability
of the proposed method across diverse movement scenarios.

Table 2. Quantitative comparison of different frame-based methods on the CHP dataset.

SHG PoseRes HRNet HRFormer ViTPose EvTransPose

MPJPE2D↓ 89.25 18.20 19.45 19.83 17.88 17.34
PCK@0.1↑ 19.45 57.08 55.85 56.12 62.94 67.24
PCK@0.3↑ 46.46 93.07 92.50 92.36 92.81 94.10

PCK is an accuracy out of 1, where 0.1 and 0.3 are the threshold values. The best results are highlighted in bold,
and the second-best results are underlined.

Table 3. Comparison of different frame-based methods across various movements in the CHP dataset.

Movement
PCK@0.1↑

SHG HRNet ViTPose EvTransPose

General
1 21.38 66.62 76.23 75.54

Movement
2 28.00 78.77 81.15 81.38
3 40.62 76.77 81.62 78.08
4 21.38 49.08 59.31 64.54
5 17.38 37.23 49.85 62.08

Upper/Lower-
6 24.31 43.69 53.77 64.08

Limb
7 10.15 44.00 52.15 63.76
8 10.46 54.31 58.85 55.46

Movement
9 15.69 60.77 68.08 73.00

10 10.15 43.23 52.38 62.08
11 18.92 57.23 59.00 67.31
12 14.92 55.86 62.85 62.23

Mean 19.45 55.85 62.94 67.24
The best results are highlighted in bold, and the second-best results are underlined.

5.3.2. Qualitative Evaluation

For the qualitative evaluation, we present a visual comparison of various methods on
the CHP dataset in Figure 6, which includes event frames captured under different lighting
conditions. In the comparison, we provide the corresponding RGB images in the leftmost
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column. Regardless of the illumination conditions, our proposed framework consistently
delivered promising estimations. It fully demonstrated the substantial advantages of events
over RGB images, particularly in situations where texture details were severely degraded
by poorly exposed regions. Furthermore, taking the images in the third row as an example,
the transformer-based approaches still achieved strong performance, even with sparse
event information, whereas the CNN-based approaches tended to fail in scenarios with
motion ambiguity. This can be attributed to the self-attention module, with our designed
intermediate-supervision constraint optimizing its performance to generate more visually
pleasing and accurate estimations.

Figure 6. Qualitative results on the CHP dataset, where our proposed EvTransPose framework is
compared with different frame-based methods. Rows from (top) to (bottom): underexposed images,
normally exposed images, and overexposed images.

5.4. Ablation Study

We conducted an ablation study on each key module of our proposed EvTransPose.
Specifically, we evaluated the effect of the pyramid encoding module, the effectiveness
of the cascading hourglass architecture, the importance of intermediate supervision, and
conducted cross-dataset testing.

5.4.1. Importance of Pyramid Encoding Module

To demonstrate the effect of the pyramid encoding module, we compared it with other
widely used encoding methods for transformers, including direct token reserialization
in ViT [17] and one-step block convolution in ViTPose [45]. As illustrated in Table 4, the
proposed pyramid encoding module effectively harnessed parallel multi-scale convolutions
to maximize the receptive field with limited parameters, resulting in a superior ability to
extract local features.

Table 4. The performance of EvTransPose using different encoding methods on DHP19.

MPJPE3D↓ MPJPE2D↓ PCK@0.1↑ PCK@0.3↑

ViT 61.93 6.80 66.93 98.45
ViTPose 54.79 5.46 73.47 98.88

Ours 50.39 5.08 76.84 99.20
The best results are highlighted in bold, and the second-best results are underlined.

5.4.2. Importance of Cascading Hourglass Architecture

We further validated the effectiveness of the cascading hourglass architecture, focusing
on its contribution and the impact of different cascading strategies. In our experimental
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configuration, the model is cascaded in three distinct manners: by connecting without skip
connections, by concatenating, and by adding up. Here, M1 and M2 denote the numbers
of cascaded hourglass modules and cascaded self-attention modules, respectively, while
maintaining a total of twelve self-attention modules. The results in Table 5 indicate that
an increasing number of cascaded hourglass modules led to performance degradation in
models without skip connections due to gradient vanishing issues. In contrast, models
with skip connections showed consistent improvements in prediction accuracy, among
which adding up yielded superior results compared to concatenating across all evaluation
metrics. This can be attributed to the ability of the adding strategy to preserve shallow
spatial information, which is critical for the accurate localization of keypoints.

Table 5. The performance of EvTransPose with different cascading architectures on DHP19.

Methods M1 M2 MPJPE3D↓ MPJPE2D↓ PCK@0.1↑ PCK@0.3↑
- 1 12 58.25 5.78 69.16 98.95

Without
2 6 60.06 5.94 67.55 98.81

Skip
3 4 60.86 6.00 67.22 98.70

Connection
4 3 346.23 29.50 4.03 13.60
6 2 344.24 29.31 4.06 31.27

Concatenate

2 6 58.67 5.80 69.12 95.36
3 4 55.42 5.52 72.51 99.00
4 3 55.64 5.54 72.55 98.95
6 2 53.17 5.33 74.65 99.06
2 6 57.31 5.69 70.22 98.90

Add 3 4 54.35 5.42 73.62 99.05
(Ours) 4 3 54.00 5.39 73.78 99.08

6 2 51.88 5.21 76.00 99.14
The best results are highlighted in bold, and the second-best results are underlined.

5.4.3. Analysis of Intermediate Supervision

To investigate the contribution of the added intermediate-supervision constraint and
the influence of different loss weights, we conducted a comprehensive ablation study on
DHP19 and present the results in Table 6 and Figure 7. During execution, η was an attenu-
ation coefficient for the loss weights λk, e.g., λk = 1 for constant weights, λk = k+η

M1+η for

linear weights, λk = logηM1
(ηk) for logarithmic weights, and λk = ηk−M1 for exponential

weights, where k = 1, 2, · · · , M1. This observation validates that introducing intermediate
supervision was beneficial for improving accuracy and accelerating the convergence of the
network, highlighting the importance of maintaining an appropriate balance in the loss
weights. When assigned an excessively high weight in the early stages, the network tended
to overly focus on providing accurate pose estimation, potentially neglecting the extraction
of the deep features and semantic information from the graphics. Conversely, intermediate
supervision weakened and lost its competitiveness when assigned an excessive weight in
the later stages. According to the experiments, adopting exponential loss weights, where
η = 10, yielded the optimal balance, thereby enhancing the performance of EvTransPose.
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Table 6. The performance of EvTransPose with different loss weights for intermediate supervision
on DHP19.

Weights None Constant Linear Logarithmic Exponential
η - - −1 1 1 2 2 5 10 20

MPJPE3D *↓ - 56.67 58.36 59.54 59.49 58.75 56.20 84.19 114.39 125.38
PCK@0.1 *↑ - 71.57 69.27 69.42 69.33 69.02 71.87 53.95 34.60 30.35
PCK@0.3 *↑ - 98.91 98.89 98.49 98.55 98.88 98.89 95.30 91.67 90.23
MPJPE3D↓ 51.88 55.97 57.40 58.32 58.10 57.93 52.72 51.29 50.39 51.63
PCK@0.1↑ 76.00 72.18 70.06 70.79 70.86 69.79 75.31 76.27 76.84 76.42
PCK@0.3↑ 99.14 98.92 98.95 98.55 98.61 98.91 99.05 99.16 99.20 99.15

The best results are highlighted in bold, and the second-best results are underlined. * denotes the evaluation
metrics calculated with the intermediate results of the third hourglass module.

Figure 7. Convergence curves of EvTransPose with different strategies on DHP19, where “w/o
intermediate supervision” indicates intermediate supervision was excluded during training, and
“w/o cascading” indicates that the cascading hourglass architecture was not employed.

5.4.4. Cross-Dataset Testing

To assess performance degradation across diverse datasets, we conducted a compre-
hensive ablation study in which the model was trained on the source domain dataset
DHP19 after data enhancement, and the trained model was tested on the target domain
dataset CHP. As shown in Table 7, based on the network’s generalization capability, perfor-
mance in the target domain was not impressive, with noticeable declines across various
metrics. This can be attributed to significant differences between datasets, such as varia-
tions in movements and subjects. In addition to differences in annotation locations, the
disparity in data distribution, known as domain shift, was a primary cause of the model’s
poor performance on other datasets. In the field of event-based human pose estimation, this
is manifested in factors such as event sparsity, noise intensity, and distribution. To address
this issue, it may be necessary to further incorporate Domain Adaptation (DA) techniques.

Table 7. Results of cross-dataset testing.

Source Domain MPJPE2D↓ PCK@0.1↑ PCK@0.3↑

DHP19 23.61 39.79 89.91
CHP 17.34 67.24 94.10
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6. Conclusions
In this paper, we propose a novel neural network named EvTransPose to localize

human keypoints of interest under challenging lighting conditions using a single event
frame. In particular, an attention mechanism for event-based HPE is incorporated into
the HPE pipeline to address motion ambiguity by leveraging the spatial dependencies
between human body parts. To maintain a comprehensive perception of HPE and the con-
sistency of local and global features, we introduce an intermediate-supervision constraint
within the cascading architecture, which ensures that feature extraction is learnable and
conditioned on the related loss functions. In addition, we construct a new HPE dataset,
i.e., CHP, based on events with synchronous RGB images across diverse lighting scenar-
ios. Experimental results, both quantitative and qualitative, show the effectiveness of our
proposed EvTransPose.

By leveraging the sparse event information generated by immobile limbs to infer
overall posture, our proposed EvTransPose alleviates motion ambiguity to a great extent.
However, pose estimation performance still degrades notably under extreme cases where
the entire body remains motionless. Future work will focus on incorporating additional
signals like prior coordinates or heatmaps, fusing RGB information, and implementing
spatiotemporal architectures. To fully address extreme situations, a new challenge may
arise in that this approach makes the network more reliant on contextual information and
requires maintaining a balance between performance and computational resources.

In future work, we will also explore methods for reducing the number of network
parameters and decreasing computational complexity. By exploring lightweight variations
such as shallow networks, efficient backbones, and their combination with sparse attention
or hierarchical attention techniques, it is possible to strike a balance between real-time
performance and accuracy. The key trade-off is between reducing the computational load
(for real-time performance) and maintaining model accuracy and consistency, which may
require experimenting with different levels of simplification based on the specific use
case. These advancements would facilitate deployment on real-world hardware and the
development of a fully autonomous system capable of responding to real-time contingencies
more efficiently. Additionally, the current datasets can be further enhanced by incorporating
more balanced and diverse data. We anticipate that significant breakthroughs in this area
will emerge in the coming years.
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