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Abstract

Recognizing hand actions and poses from first-person RGB videos is crucial for applications
like human–computer interaction. However, the recognition accuracy is often affected by
factors such as occlusion and blurring. In this study, we propose a unified framework
for action recognition and hand pose estimation in first-person RGB videos. The frame-
work consists of two main modules: the Hand Pose Estimation Module and the Action
Recognition Module. In the Hand Pose Estimation Module, each video frame is fed into a
multi-layer transformer encoder after passing through a feature extractor. The hand pose
results and object categories for each frame are obtained through multi-layer perceptron
prediction using a dual residual network structure. The above prediction results are con-
catenated with the feature information corresponding to each frame for subsequent action
recognition tasks. In the Action Recognition Module, the feature vectors from each frame
are aggregated by a multi-layer transformer encoder to capture the temporal information
of the hand between video frames and obtain the motion trajectory. The final output is the
category of hand movements in consecutive video frames. We conducted experiments on
two publicly available datasets, FPHA and H2O, and the results show that our method
achieves significant improvements on both datasets, with action recognition accuracies of
94.82% and 87.92%, respectively.

Keywords: gesture recognition; pose estimation; feature fusion

1. Introduction
Hand–object interaction tasks have a wide range of application areas, from virtual

reality (VR) and augmented reality (AR) to human–computer interaction. Also, recognizing
hand movements from first-person RGB videos has received significant attention from
researchers due to the rich visual information provided by RGB videos. On the one hand,
the inherent complexity of hand articulation, combined with frequent occlusions (either
self-occlusions between fingers or occlusions by objects), severely impedes the capture
of complete hand information during the feature extraction stage. On the other hand,
compounding this difficulty, hand movements within complex RGB video scenes constitute
inherently continuous temporal sequences. Effectively comprehending spatiotemporal
action demands the precise capture of nuanced inter-frame action coherence and subtle mo-
tion dynamics, necessitating robust temporal modeling capabilities. Notably, there is a high
correlation between 3D hand pose estimation and hand movement recognition [1], yet there
are relatively few joint studies on the two. To address this issue, recent studies have started
to explore frameworks that combine hand pose estimation with action recognition [2–5]
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for more accurate action understanding. However, the task still faces many challenges.
Tekin et al. [3] proposed an end-to-end deep learning model, H+O, which, for the first time,
modeled hand pose estimation, object pose and interaction state understanding in a unified
way, emphasizing that the interaction between the two is crucial for action understanding
in a first-person perspective. Building upon dual-task frameworks, Yang et al. [5] proposed
a multi-order multi-stream feature analysis method using weakly supervised network
learning to learn gesture and multi-order motion information from the intermediate feature
maps of the video, which is capable of learning gesture recognition and 3D hand pose
estimation, even when only pose labels are available. Crucially, their paradigm capitalizes
on the mutual reinforcement between hand pose semantics and action contexts, thereby
partially resolving occlusion-induced ambiguities. In parallel, Kwon et al. [2] extended
Tekin et al.’s [3] foundation via a topology-aware graph convolutional network (TA-GCN),
explicitly modeling holistic hand–object interdependencies. By integrating gesture kine-
matics, object-state dynamics, and their bidirectional relational constraints, their approach
significantly advances interaction modeling precision. Despite these methodological in-
novations, temporal coherence across sequential frames remains inadequately optimized,
limiting contextual continuity in video analysis. Consequently, extracting accurate hand
motion semantics from first-person RGB footage persists as a formidable challenge.

In this study, we present a framework for recognizing hand movements and hand
gestures from first-person RGB videos. The framework consists of two main modules: the
Hand Pose Estimation Module and the Action Recognition Module, as shown in Figure 1.
In the Hand Pose Estimation Module, individual video frames are first passed through a
feature extractor and then passed into a series of transformer encoders. We construct a
dual residual network structure and use a multi-layer perceptron to predict the hand pose
results and object categories for each frame. High-level semantic features and low-level
spatial details are jointly modelled via two residual paths. The capture of fine-grained
spatial information is enhanced using a spatial detail feature extraction component while
retaining global feature consistency. The hand pose results, object categories, and feature
information of each frame are concatenated for the subsequent action recognition task. In
the Action Recognition Module, the vectors of each frame are aggregated by means of a
multi-layer transformer encoder. The temporal information of the hand between video
frames is captured, the motion trajectory is obtained, and, finally, the hand action categories
in consecutive video frames are output. We evaluate our approach on the first-person
hand motion benchmark datasets FPHA [1] and H2O [2]. We summarize the contributions
as follows:

(1) We introduce a unified framework for action recognition and pose estimation,
enabling prediction of each frame hand pose and object category information, and, at the
same time, it is able to output the hand movement categories in consecutive video frames.

(2) We design two interconnected modules to capture the spatial and temporal infor-
mation of the hand in the video, namely the Hand Pose Estimation Module (HPEM) and
Action Recognition Module (ARM). On one hand, HPEM is used to capture the spatial
position of the hand in a single-frame RGB image. The pose estimator through a double
residual fusion structure is combined with a spatial detail feature extraction component.
The key points of the hand in each image frame are further estimated to obtain spatial
information. On the other hand, ARM is used to aggregate the features of consecutive
video frames in the temporal dimension and obtain the complete motion trajectory of the
hand and ultimately obtain the action classes by the action classifiers.

(3) Comprehensive evaluations of two first-person benchmarks (FPHA, H2O) demon-
strate state-of-the-art performance.
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Figure 1. Schematic diagram of the framework process. The framework first processes each frame in
the input first-person-view RGB video υ to estimate the hand pose for each frame via HPEM and de-
termine the type of object involved within each frame. Subsequently, the processed frames are passed
to the ARM, which aggregates the information from all the frames, captures the temporal dynamics
of the hand movements, and ultimately outputs the recognition results of the hand movements.

2. Related Work
In this section, we present research related to our work: (1) estimation of 3D hand pose

from RGB images/videos, (2) prediction of action recognition from RGB images/videos,
(3) vision tasks in the transformer

2.1. 3D Hand Pose Estimation from RGB Image/Video

The ubiquity of RGB cameras has accelerated progress in estimating hand poses from
RGB imagery. Hand pose estimation has emerged as a focal area in computer vision, driven
by advancements in monocular RGB-based methodologies [6–15]. Zimmermann et al. [15]
introduced a neural framework combining pre-trained 3D joint models with detected
2D key points to estimate hand poses from single RGB inputs. Lin et al. [9] proposed
a novel architecture that combines a graph convolutional network with the transformer
architecture to achieve simultaneous pose estimation and hand mesh reconstruction. To
resolve depth uncertainty, Iqbal et al. [7] leveraged a 2.5D heatmap encoding strategy within
a convolutional network, enhancing positional precision through multi-dimensional feature
fusion. Moon et al. [11] employed a hierarchical framework utilizing pixel-wise heatmap
predictions for 2D joint localization and depth regression. Spurr et al. [14] addressed the
challenge of data scarcity in 3D hand pose estimation by proposing a weakly supervised
framework. Robust pose estimation can be achieved through kinematic constraints without
the need for full 3D annotation.

Related research methods have been extended to 3D hand pose estimation from
continuous video data [1,16–18]. Temporal continuity in video streams offers enhanced
contextual cues compared to static frames, capitalizing on motion patterns and kinematic
coherence. Chen et al. [17] introduced a self-supervised framework for inferring 3D hand
meshes and joint trajectories from unannotated videos while eliminating dependency on
manual 3D supervision. Garcia-Hernando et al. [1] introduced a large-scale first-person
RGB-D dataset that addresses a critical gap in first-person movement analysis. Depth
sensors and inverse kinematics are also utilized to generate accurate 3D joint annotations,
avoiding the reliance on error-prone manual annotations. Research on gesture recognition
and fine-grained motion understanding is enhanced. Cai et al. [16] advanced temporal
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modeling via graph convolutional architectures, leveraging spatiotemporal coherence in
sequential 2D joint data to jointly estimate body and hand poses.

2.2. Action Recognition from RGB Image/Video

Action recognition constitutes a critical subfield of computer vision, focusing on the
automated interpretation of human behaviors from images or videos. With the development
of deep learning techniques, a large number of researchers have begun to explore fine-
grained action recognition for specific body parts (e.g., hand, lower limbs) [19–23]. Since
temporal information is usually required for hand action recognition, many advances have
been made on architectures that emphasize temporal information processing [24–30], such
as using various convolutional networks [30,31], using LSTM [27], and using dual-stream
convolutional networks [24,26,28]. Carreira et al. [24] proposed a dual-stream convolutional
architecture that extends 2D convolutional networks to 3D and incorporates optical flow
information, verifying the complementarity of optical flow information with RGB data.
Shi et al. [28] designed an adaptive graph convolution framework based on a temporal
model. The framework adopts a dual-stream architecture and improves the accuracy of
skeletal action recognition by modelling skeletal sequences hierarchically. Feichtenhofer
et al. [25] introduced a multi-rate classification and detection of video actions framework,
in which a low-frame-rate pathway captures spatial semantics while a high-frequency
branch isolates motion dynamics, optimizing recognition efficiency. A study by Simonyan
et al. [29], also built on dual-stream convolutional networks, proposes a dual-stream deep
convolutional network framework containing both spatial and temporal networks, which
greatly improves the accuracy of deep video classification.

2.3. Transformers in Vision

Transformer is a deep learning model originally proposed by Vaswani et al. [32]
for sequence-to-sequence tasks. Due to its parallel processing capability and efficient
self-attention mechanism, transformer excels in processing long sequences and capturing
long-range dependencies, leading to major successes in natural language processing tasks.
At the same time, its success has catalyzed cross-domain adaptations, particularly in
visual computing, where it has demonstrated efficacy across diverse tasks including image
detection and pose estimation. Carion et al. [33] proposed an end-to-end framework
employing transformer for target detection tasks, effectively addressing conventional CNNs’
limitations in modeling inter-object relationships across distant spatial regions. Subsequent
innovations by Lin et al. [9,34] and Hampali et al. [35] further validated transformer’s
potential through convolution-free implementations for pose estimation, achieving state-of-
the-art accuracy. Despite these advancements, due to quadratic complexity growth with
input resolution, the transformer’s quadratic complexity with respect to input size poses
significant computational challenges.

3. Methodology
In this study, we propose a unified framework that predicts each frame hand key point

information along with object category information from first-person RGB video, while
also being able to output hand action categories across consecutive video frames. The
framework is illustrated in Figure 2, comprising two modules: the Hand Pose Estimation
Module (HPEM) and the Action Recognition Module (ARM). In the Hand Pose Estimation
Module, each video frame is first passed through a feature extractor and then fed into
multiple transformer encoders. We construct a dual residual network structure and use a
multi-layer perceptron to predict the hand key point coordinates and object categories for
each frame. The hand pose results, object categories, and feature information of each frame
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are concatenated for the subsequent task. In the Action Recognition Module, the vectors of
each frame are aggregated by a multi-layer transformer encoder. The temporal dynamics
of the hand between video frames are captured to infer or estimate the motion trajectory,
ultimately enabling the classification of hand action categories over the video sequence. In
the remainder of this section, we examine each sub-module in more detail.

Figure 2. Schematic of the overall framework. Our framework comprises two main modules: the
Hand Pose Estimation Module (HPEM) and the Action Recognition Module (ARM). For the input
video υ, the spatial position of the hand in a single video frame is captured by HPEM. The spatial
information is obtained by estimating the key points of the hand in each frame using a dual residual
network structure and multi-layer perceptron. The ARM captures the temporal information of the
hand between video frames by aggregating the information of each frame through a multi-layer
Transformer encoder and ultimately outputs the class of hand actions in consecutive video frames.

3.1. Hand Pose Estimation Module

To accurately capture the spatial positioning of the hand in an RGB video, the task of
predicting hand key point coordinates and object category information for each frame from
a given first-person RGB video is implemented. We designed the lightweight Hand Pose
Estimation Module based on transformer and dual residual network structure. The module
is described in detail in this subsection.

Due to a large amount of redundant information between neighboring frames of
the video, the direct computation cost of the transformer-based approach is high. If the
whole video is directly fed into the transformer-based model for processing, it will not
only bring high computational overhead but may also cause memory overflow problems
when processing multiple frames at the same time. To mitigate this, we divide the original
video sequence υ into j consecutive subsets, each of which set = {seti}

j
i=1 is processed as

an independent input to the network. This approach reduces the computational complexity
while ensuring temporal continuity, effectively preserves the ability to perceive dynamic
gesture changes, and, thus, improves the overall inference efficiency. Meanwhile, from the
perspective of model training efficiency and performance, this approach helps to control the
amount of data in each batch of inputs and achieve stable training and efficient inference
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under limited hardware resources. For each input frame t ∈ set ⊂ RW×H×3, the pre-trained
FlexiViT [36] architecture is used as our backbone network to extract feature information
from each frame, where W represents the width and H represents the height of the input
image. Specifically, using 16 × 16 image block segmentation, each image block is mapped
to an embedding space of dimension 192 by linear projection, thus forming an embedding
vector with semantic information for subsequent feature learning. A 12-layer transformer
encoder structure is used, with each layer containing 3 parallel attention heads. While
maintaining a low computational complexity, multi-layer image features are gradually
extracted to enhance the feature representation capability.

In order to efficiently model the temporal dependence in the input video sequence,
we generate the position information of the input sequence by means of fixed sine/cosine
position encoding [32]. This enables the model to more effectively capture the relative
positions of elements within the time-series data. Each frame of the visual feature sequence
obtained through the FlexiViT backbone and its corresponding position encoding is passed
to the transformer Encoder Block for processing to obtain the global context features fglo(t).
The transformer Encoder Block is one of the core components of the network responsible for
modelling long-range dependencies and mining contextual associations between features.
Also, Layer Normalization is applied prior to the attention and feed-forward operations
to stabilize the training process. A transformer Encoder Block is composed of six stacked
encoder layers, each comprising a multi-head deformable self-attention layer with eight
heads and a feed-forward network with a dimension of 2048. A transformer Encoder
Block significantly enhances its ability to capture spatiotemporal dependencies and further
enriches the feature representation.

In order to further strengthen the ability to perceive the local structure of the hand and
the region around the key point, more accurate spatial details are extracted on the basis
of preserving the original features, and the problems of gradient vanishing and gradient
explosion in deep network training are effectively mitigated. We designed a hand pose
estimator based on a dual residual network structure, including two parts: a Spatially
Detailed Feature extraction part and an estimation part. For the Spatially Detailed Feature
Extraction Part, multi-scale parallel convolution operation and enhanced parallel attention
operation are used. The standard convolution is able to expand the sensory field and extract
global features, and the multiscale parallel depth-separable convolution operation captures
different levels of image information. Here, 3 × 3, 5 × 5, and 7 × 7 sized convolution kernels
are used and then the results are fused. In addition, to improve the model’s attention to
the key features of the hand, a parallel structure is used here to fuse different types of
attention mechanisms, including channel attention and pixel attention. Among them, the
pixel attention focuses on the accurate extraction of hand position-related information,
while the channel attention can efficiently extract global information while adjusting the
feature channel dimensions. Specifically, we use BatchNorm for normalization to splice
the results of these two attention mechanisms along the channel dimension. An MLP is
applied to project the concatenated features back to the original input dimensionality.

We concatenate the Spatially Detailed Features fdet(t) obtained from the above opera-
tion with the global context features fglo(t) by residual concatenation to obtain f ′(t)

f ′(t) =
∥∥∥ fdet(t) + fglo(t) (1)

where ∥ is the concatenation operation. Finally, a multi-layer perceptron is used to ac-
curately predict the coordinates of the hand key points in each frame from the features
f ′(t):

Ht =
(

Hpre, Hpre
dep

)
= FC

[
MLP

(
f ′(t)

) ]
(2)
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where Ht is the concatenation of the Hpre and Hpre
dep, Hpre denotes the joint coordinates in

the 2D image, Hpre
dep denotes the joint depth to the camera. The FC layer maps the features

to the new space, and, similarly, we predict the object class from the feature f ′(t) and fuse
the object category prediction as auxiliary information into the action recognition module.

Finally, inspired by [37], we concatenate the hand pose estimates, object category
predictions, and frame-wise visual features f ′(t) to construct the input representation
for the action recognition module. Figure 3 shows the importance of object category
information for disambiguation. This fusion strategy preserves information integrity while
maintaining computational efficiency, explicitly bridging high-level semantic cues with
low-level visual details, thus improving discriminative capability for complex hand–object
interactions. Specifically, for a frame t ∈ set ⊂ RW×H×3 with set = {seti}

j
i=1, FHPEM(t) is

the result of HPEM calculation:

FHPEM(t) =
∥∥ Ht + Ot + f ′(t) (3)

where ∥ is the concatenation operation; Ot is the probability distribution of object classification.

 

Figure 3. Partial sequences of the action classes ‘take_letter_from_envelope’ (first row) and
‘tear_paper’ (second row) are shown in the FPHA dataset. It can be seen that when the gestures of the
hands are almost the same, the difference in the objects touched will lead to the difference in the final
action categories. This shows that object category information is important for eliminating ambiguity
and improving the accuracy of action recognition.

3.2. Action Recognition Module

To effectively capture the dynamic variations in hand movements in the time dimen-
sion, the task of action recognition from a given first-person RGB video is achieved. The
Action Recognition Module was designed using the transformer architecture as its founda-
tion. The input to this module is each frame FHPEM(t) obtained from HPEM. The vectors of
each frame are aggregated by the transformer Encoder Block, and the final output is the
class of hand movements in consecutive video frames. We will describe each step in detail
in this subsection.

Before proceeding with the action recognition task, we first perform a linear trans-
formation of the features to compress the high-dimensional features into a uniform low-
dimensional space. Also, we follow [38,39] to introduce a trainable token, which fuses the
global token with the linearly transformed features by aggregating the global information of
the video υ for action classification. A transformer Encoder Block, composed of six stacked
encoder layers, is used to aggregate the vectors for each frame. The temporal information
of the hand between video frames is captured to obtain the complete motion trajectory of
the hand. The final hand movement categories in consecutive video frames are output by
the movement classifier. Specifically, we use the first token αout of the output sequence of
the transformer Encoder Block to classify and obtain the probability distribution over each
action category, defined as follows:

A(v) = {p(a1), p(a2), . . . , p(an)} = so f tmax(FC(αout)) (4)
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where n represents the total count of the predefined categories of hand actions.

3.3. Loss Functions

Our total training loss consists of three components: (1) object label prediction loss,
(2) hand pose estimation loss, and (3) action recognition loss.

For the object label prediction task, HPEM predicts the object labels for each frame,
and we perform supervised learning for this task by minimizing the cross-entropy loss
function Lobj. Lobj defines the difference between the actual object labeling distribution

ogt =
{

ogt
i

}na

i=1
and the predicted object labeling probability distribution opre =

{
opre

i

}na

i=1
.

Lobj(t) = −
na

∑
i=1

Ogt
i log

(
Opre

i

)
(5)

For the hand pose estimation, we perform supervised learning with L1 loss, aiming
to minimize the L1 loss during the training process. The loss function Lhand(I) compares
the difference between the predicted joint coordinates

(
Hpre, Hpre

dep

)
and the true value(

Hgt, Hgt
dep

)
. The loss function is articulated as follows:

Lhand(t) =
1
J

(∥∥Hpre − Hgt∥∥
1 + α1

∥∥∥Hpre
dep − Hgt

dep

∥∥∥
1

)
(6)

where J represents the total number of joints in the hand. Hpre and Hpre
dep are the coordinates

and depth of the joints in the 2D image plane predicted by the model, respectively. Hgt and
Hgt

dep are the actual 2D joint coordinates and depth, respectively. α1 is a parameter used to
balance the different weights between 2D coordinate losses and depth losses.

For the action recognition task, ARM aggregates frame-wise feature representations
to predict the video’s action class, and supervised learning is applied to train this task
by minimizing the cross-entropy loss function. Laction defines the difference between the

actual action label distribution agt =
{

agt
i

}na

i=1
and the predicted action label probability

distribution apre =
{

apre
i

}na

i=1
:

Laction(v) = −
na

∑
i=1

agt
i log

(
apre

i

)
(7)

The total loss function of the total training loss combines the above three losses, using
the weighting parameters α2 and α3 to control the relative importance of each part of the
optimization process. We define the total training loss Ltotal as follows:

Ltotal = Laction(v) +
1
T ∑

v=segt(v)
∑
t∈v

(
α2Lobj(t) + α3Lhand(t)

)
(8)

where α2 and α3 are parameters that balance the object label prediction loss term and the
hand pose estimation loss term. By employing the combined loss function, the model
can jointly optimize object label prediction and hand pose estimation, thereby ensure the
accuracy of the final action recognition task and further enhancing the overall stability and
performance of the network.
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4. Experiments
4.1. Experiment Details

We use PyTorch (version: 1.11.0) to implement our network. The FlexiViT network is
initialized using pre-trained weights. We set α1= 200, α2 = 0.5, and α3 = 1 to balance the
loss terms for different tasks. All models in the experiment were trained for 40 epochs. The
initial learning rate is set to 3 × 10−5 with a halving of the learning rate every 15 epochs
and using the Adam optimizer [40] to train the framework. The entire network was trained
and evaluated using an RTX 3090 GPU with a batch size of 1. The input image size was
set to 270 × 480 while the input image was augmented with online data by randomly
adjusting the hue and contrast and by adding random stochastic rotations, translations,
and motion blur.

4.2. Datasets and Metrics

We conducted experiments and tests on two first-person hand public datasets,
FPHA [1] and H2O [2].

FPHA: This dataset contains more than 100 K RGB-D frames annotated with 3D
gestures. It features six subjects performing 45 action classes involving 26 distinct objects,
as shown in Figure 4a. The FPHA dataset includes annotations for a single hand and
object. When categorized by action, the training set comprises 600 videos, while the test set
contains 575 videos.

  
(a) (b) 

Figure 4. Dataset image presentation. (a) Image of FPHA dataset; (b) image of H2O dataset.

H2O: This dataset is an interaction scene between two hands and an object, containing
4 themes, recording 36 actions, and 8 different objects, providing unlabeled 3D annotations
for both hands, as shown in Figure 4b. Although the H2O dataset provides multi-view
images, we only utilize the images captured from the first-person viewpoint in our experi-
ments. We adopt the methodology outlined in [2] for both training and evaluation, with
the training set comprising 569 videos and the test set including 242 videos.

In our quantitative evaluation, we adopt task-specific performance metrics.
For the action recognition task, we computed the action recognition accuracy of the

model on the test set as a primary measure of classification performance. Specifically, we
compared the action categories predicted by the model on each video sample in the test
set with the corresponding real labels and counted the ratio of the number of correctly
recognized samples to the total number of samples, so as to evaluate the model’s ability
to discriminate different action categories. This metric can intuitively reflect the model’s
performance in semantic understanding, especially whether it can accurately capture
the dynamic features and make correct recognition when facing complex hand–object
interaction actions.

For the hand pose estimation task, we adopt Mean Endpoint Error (MEPE) as the main
evaluation criterion. MEPE is defined as the average of the Euclidean distance between the
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3D joint coordinates predicted by the model and the ground-truth joint coordinates. This
metric can effectively quantify the accuracy of the model in the spatial dimension for the
reproduction of hand structure and posture. The accuracy of hand key point localization is
objectively assessed by calculating the MEPE values of all samples on the test set.

4.3. Experimental Results
4.3.1. Comparison with State-of-the-Art Hand Pose Estimation Methods

We compare our model with state-of-the-art hand pose estimation methods and
evaluate it on the FPHA and H2O test sets. Table 1 presents a summary of the hand pose
estimation results on the H2O dataset, demonstrating that our approach outperforms all
existing methods. Figures 5 and 6 illustrate the qualitative results of our framework applied
to the test sets from the FPHA and H2O datasets, respectively.

Figure 5. An example of hand posture predicted by our framework on the FPHA dataset.

 

Figure 6. An example of hand posture predicted by our framework on the H2O dataset.
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Table 1. The quantitative results of manual pose estimation in the H2O test set, MEPE, measured
in millimeters.

Method Left Right

H+O [3] 41.42 38.86
LPC [41] 39.56 41.87
H2O [2] 41.45 37.21
HTT [4] 35.02 35.63

THOR-NET [42] 36.8 36.5
Ours 31.16 35.21

4.3.2. Comparison with State-of-the-Art Action Recognition Methods

On the FPHA dataset, we compared the proposed method with a number of cutting-
edge methods. These methods are based on different network architectures and feature
fusion strategies and have a high impact in the field of first-view hand movement recog-
nition. Among the 17 baselines, Two-stream [26], Collaborative [5] and Joule-color [43]
are based on CNNs. HAN-2S [44], ResGCNeXt [45], SBI-DHGR [46], K. Prasse et al. [47],
GCN-BL [48] are based on the skeletons. FPHA [1] and H+O [3] are based on the RNN. Li
et al. [49] is based on the GCN and LSTM. EffHandEgoNet-Transformer [50], HTT [4], and
Trear-depth [51] are based on CNN-Transformer architecture, in which EffHandEgoNet-
Transformer [50] and HTT [4] use backbone based on CNN architecture for feature extraction.

In addition, several representative methods in the more challenging H2O dataset are
also selected for comparison, including H+O [3], H2O [2], SlowFast [25], C2D [52], I3D [24],
HTT [4], PoseConv3D [53]. These methods cover the current mainstream action recognition
frameworks and can better reflect the overall state of the art. Tables 2 and 3 summarize the
comparison results of action recognition accuracy on the FPHA dataset and H2O dataset,
respectively. As can be seen from the tables, the methods proposed in this study achieve
recognition performance better than existing methods on both datasets, which verifies its
powerful ability to recognize the action of object interaction in complex scenes.

Table 2. Comparison of action recognition accuracy on FPHA set.

Method Modality Acc.

Joule-color-all [43] RGB + Depth + Skeleton 78.78
Two stream-color [26] RGB 61.56
Two stream-flow [26] RGB 69.91
Two stream-all [26] RGB 75.30

FPHA [1] Pose 78.73
H+O [3] RGB 82.43

HAN-2S [44] Skeleton 89.04
Collaborative [5] RGB 85.22
ResGCNeXt [45] Skeleton 89.04
SBI-DHGR [46] Skeleton 92.48

Li et al. [49] RGB + Depth + Skeleton 91.95
HTT [4] RGB 94.09

EffHandEgoNet-Transformer [50] RGB 94.43
Trear-depth [51] Depth 92.17

K. Prasse et al. [47] Skeleton 92.52
SymNet-v2 [54] RGB 82.96

GCN-BL [48] Skeleton 80.52
Ours RGB 94.82
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Table 3. Comparison of action recognition accuracy on H2O set.

Method Modality Acc.

H2O w/ST-GCN [30] Skeleton 73.86
H2O w/TA-GCN [2] RGB + Depth 79.25

PoseConv3D [53] Skeleton 83.47
H+O [3] RGB 68.88

SlowFast [25] RGB 77.69
C2D [52] RGB 70.66
I3D [24] RGB 75.21
HTT [4] RGB 86.36

Ours RGB 87.92

4.3.3. Ablation Studies

In this subsection, we will first perform an ablation study on the FPHA and H2O
datasets to verify the effect of image features on action recognition accuracy. Table 4 reports
the results of decimation experiments on these two datasets. Subsequently, the impact of
different loss weights for parameters α1, α2, α3 is explored on the FPHA dataset, as shown
in Table 5.

Table 4. Ablation study of hand estimator in HPEM module with respect to Spatially Detailed Feature
Extraction Part.

w/o fdet(t) w/fdet(t)

FPHA Acc. 94.43 94.82

H20
Acc. 87.04 87.92

hand.Left 35.26 31.16
hand.Right 38.87 35.21

Table 5. A study on parameters α3 on the FPHA dataset.

α3 Acc.

0.5 92.47
0.75 93.88
1.0 94.82

1.25 94.09

We investigated the effect of the Spatially Detailed Feature Extraction Part on the
accuracy of action recognition. Specifically, if only the global context features fglo(t)
obtained from the transformer Encoder Block processing are used for action recognition, the
model achieves 94.43% and 87.04% accuracy on the FPHA and H2O datasets, respectively,
and the accuracy of pose estimation for both hands on the H2O dataset is 35.26 mm and
38.87 mm, respectively. These results show that modelling based on global contextual
features fglo(t) is able to achieve relatively excellent action recognition performance, but
there is still room for further optimization. To further enhance the model’s ability to capture
detailed spatial information, we added the Spatially Detailed Feature Extraction Part in the
pose estimator for enhancing the perception of the local structure and spatial distribution
of the hand. The Spatially Detailed Features fdet(t) are concatenated and fused with the
global contextual features fglo(t) extracted by the transformer Encoder Block through a
dual residual network structure, resulting in a more expressive joint feature representation.
The experimental results show that the inclusion of Spatially Detailed Features improves
the model’s action recognition accuracy by 0.39% and 0.88% on the two datasets and the
left- and right-hand pose estimation accuracy by 4.1 mm and 3.66 mm on the H2O dataset,
both of which achieve the best performance. This enhancement amply demonstrates that
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our proposed design, i.e., Spatially Detailed Feature Extraction Part incorporating a dual
residual network structure, is significantly effective in improving model performance. In
addition, when the Spatially Detailed Feature Extraction Part is introduced, our frame
parameter size is 113.8 MB, the inference time is 0.178 s, and we are able to achieve a frame
rate of 5.65 FPS. This shows that our model performs better in balancing computational
complexity as well as recognition accuracy.

We investigated the effect of different loss weights for the parameter α3 on the recogni-
tion performance. The results in Table 5 show that our model reaches the highest accuracy
when α3 is set to 1.0, indicating that the current setting is the optimal configuration.

5. Conclusions
In this study, we propose a unified framework for recognizing hand actions and

hand poses from first-person RGB videos. The framework effectively predicts the hand
key point information and object category information for a single frame, and, at the
same time, it is able to output the hand action categories in consecutive video frames.
Specifically, HPEM estimates the hand key points in each image frame to obtain hand
spatial information. Each video frame is first subjected to global feature extraction by
FlexiViT and then fed to multiple morphing encoders to capture the relative positions of
elements in the time-series data. Our hand pose estimator employs a dual residual structure
to introduce a Spatially Detailed Feature Extraction Part, which uses MLP to predict hand
key point coordinates and object categories. The hand pose results and object categories’
information—along with the corresponding frame-level features—are then concatenated to
fully exploit spatial information from each RGB frame. The Action Recognition Module
(ARM) aggregates feature across consecutive frames to reconstruct the hand’s motion
trajectory, thereby capturing temporal dynamics over time. Finally, an action classifier
determines the action class based on the fused spatiotemporal representations derived
from the entire video sequence. We assess our method using two first-person hand action
datasets, with experimental results demonstrating its strong performance on both the FPHA
and H2O datasets. We focus on using the transformer architecture to address the problem of
a unified framework for pose estimation and action recognition, including the introduction
of Flexivit into our approach during the initial feature extraction phase. However, when it
comes to multi-task joint learning as well as transformer architectures, the computational
complexity of the model will be higher and face more computational pressure, whereas the
sparse attention mechanism aims to significantly reduce the computational complexity and
storage requirements by selectively focusing on key parts of the sequence to improve the
efficiency and performance of the model when dealing with long sequential data, which
we leave as future work.
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