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1 IRT

b-com, 1219 Avenue des Champs Blancs, 35510 Cesson-Sevigné, France
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Abstract:

First-person hand activity recognition is a challenging task, especially when not enough data are available.
In this paper, we tackle this challenge by proposing a new low-cost multi-stage learning pipeline for firstperson RGB-based hand activity recognition on a limited amount of data. For a given RGB image activity
sequence, in the first stage, the regions of interest are extracted using a pre-trained neural network (NN).
Then, in the second stage, high-level spatial features are extracted using pre-trained deep NN. In the third
stage, the temporal dependencies are learned. Finally, in the last stage, a hand activity sequence classifier
is learned, using a post-fusion strategy, which is applied to the previously learned temporal dependencies.
The experiments evaluated on two real-world data sets shows that our pipeline achieves the state-of-the-art.
Moreover, it shows that the proposed pipeline achieves good results on limited data.

1

INTRODUCTION

Understanding first-person hand activity is a challenging problem in computer vision, that has attracted
much attention due to its wide research and practical applications, such as Human-Computer Interaction (Sridhar et al., 2015), Humanoid Robotics
(Ramirez-Amaro et al., 2017), Virtual/Augmented
Reality (Surie et al., 2007), and Multi-media for automated video analysis (Bambach, 2015).
Recent advances in embedded technologies, such
as wearable cameras which provide low-cost data
such as RGB image sequences, have allowed more
widespread machine-learning-based egocentric activity recognition (EAR) methods (Tadesse and Cavallaro, 2018). In addition to its low-cost, RGB image sequences take into consideration both appearance and motion information unlike depth maps or 3D
skeletal data which focus more on the motion. Yet, the
majority of egocentric activities are centered around
hand-object interactions and appearance is highly important to perform inter-objects and inter-scenarios
differentiation.
To this end, many RGB-based approaches have
been proposed. Most of them are based on end-toend Deep Learning (DL) (Kondratyuk et al., 2021)
which has been proven to be effective when a large
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Figure 1: Our proposed learning pipeline for RGB-based
first-person hand activity recognition. For a given RGB
images activity sequence, in the first stage, the regions of
interest are extracted using a pre-trained NN. Then, in the
second stage, high-level spatial features are extracted using
pre-trained deep NN. Sequentially, in the third stage, the
temporal dependencies are learned. In the last stage, a hand
activity sequence classifier is learned, using a post-fusion
strategy, which is applied to the previously learned temporal dependencies.

amount of data is available. However, for some industrial applications, providing large-scale labeled data is
still hard and expansive to achieve due to the manual
data annotation process. On the other hand, recent
advances in DL benefit greatly from problems such as
image classification (He et al., 2016; Xie et al., 2017)
and object detection (Liu et al., 2016; He et al., 2020)
which can be exploited as an alternative to overcome
the data scarcity in EAR problems e.g. transfer learning (TL) techniques.
A particular branch of DL approaches focused
on observation and exploration of spatial attention
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through deep neural networks (NNs) to recognize
activities based on visual information (Sudhakaran
et al., 2019; Sudhakaran and Lanz, 2018). However, the learned spatial attention is not fully confident, since it is learned in an unsupervised manner
while training a supervised EAR model. This has led
some researchers to supervise spatial attention learning by using Gaze information (Min and Corso, 2020)
or by manually annotating the data (Ma et al., 2016)
which is more expensive. In all cases, this has confirmed that, in first-person hand activity recognition
problems, the visual points of interest are concentrated around the hands and manipulated objects. This
relevant information can be used to design more robust EAR algorithms.
Motivated by all these observations, we introduce
in this paper, a new learning pipeline for RGB-based
first-person hand activity recognition, that aims at
overcoming the data scarcity problem while ensuring a low-cost good and accurate recognition. It is a
novel four-stage learning pipeline, such as each stage
is described as follows: (1) Regions of Interest Extraction (RoIE). Unlike existing methods that use DLbased visual attention and require a large amount of
data, we propose to directly use the right and left
hands as pertinent regions of interest that give information about manipulated objects and actions being
performed. These regions of interest are extracted using a TL technique. Our experiments showed that
this information is the key to first-person hand activity recognition. In order to robustify the recognition model, we propose a data augmentation process, which is specifically adapted to these regions
of interest. (2) Spatial Features Extraction (SFE).
Here, we also use TL instead of end-to-end DL methods. This stage exploits the visual information of the
resulted regions of interest from the previous stage.
Adapting TL for RoIE and SFE allows learning with
a limited number of training samples while providing a good accuracy score. Furthermore, it decreases
the training cost, since the transferred NN are already pre-trained. (3) Temporal Dependencies Learning (TDL). For each extracted deep visual descriptor (right and left) resulting from the previous stage,
we learn the temporal dependencies in a multi-stream
manner (Boutaleb et al., 2021) which also avoids the
over-fitting problem. (4) Post-Fusion classifier (PFC).
This last stage is a classifier that learns activity classes
(Boutaleb et al., 2021).
The remainder of this paper is organized as follows. After giving a review on the related work
in Section 2, we describe our proposed pipeline for
RGB-based hand activity recognition in Section 3.
Then, we show the benefits of the proposed approach
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by presenting and discussing the experimental results
in Section 4. Section 5 concludes the paper.

2

RELATED WORK

First-Person hand activity recognition using visual
data that provide motion and appearance information
has attracted a lot of attention over the last few years.
Aiming at exploiting the motion information,
many approaches make use of optical flow as the main
source of motion features (Tadesse and Cavallaro,
2018). Optical flow can be obtained using direct motion estimation techniques (Irani and Anandan, 1999)
to achieve frames/sub-frames sub-pixel accuracy resulting in a dense representation. Yet, this representation has a high-computational cost and suffers from
redundancy. This has lead (Abebe et al., 2016; Poleg et al., 2014) to use grid (spars) representation of
the optical flow. Sparse optical flow gains in computational cost. However, it suffers from an information leak and have limited discriminative capabilities
as specific motion characteristics (e.g. magnitude) are
not exploited (Tadesse and Cavallaro, 2018).
In order to exploit the appearance information,
many works traditionally used local visual features
such as HOF (Laptev et al., 2008), MBH (Wang et al.,
2012), 3D SIFT (Scovanner et al., 2007), HOG3D
(Kläser et al., 2008), and extended SURF (Willems
et al., 2008) to encode appearance information, so that
it can be used as feature descriptors to recognize activities. On the other hand, DL NNs have been successful in learning high-level appearance features for
image classification (Rawat and Wang, 2017). This
has attracted a lot of interest in the EAR area (Karpathy et al., 2014; Tran et al., 2015; Ji et al., 2013;
Taylor et al., 2010). Recently, (Singh et al., 2016),
proposed a two-stream DL architecture, 2D and 3D
CNNs fed by egocentric cues (hand Mask, head Motion, and saliency Map). The two-streams networks
are followed by class score fusion strategy to classify
activities. To make use of the temporal dimension,
they added a temporal stream that uses stacked optical flow as input to capture motion information. However, these egocentric cues are not always available.
Similarly, (Ma et al., 2016) proposed a two-stream architecture: an appearance stream for object classification task by applying hand segmentation and object
location; and a motion stream for action classification
using optical flow. Finally, the activity class label is
given by the concatenation of the action and the object
class labels. Therefore, a heavy manual data annotation was necessary for object region localization and
hand segmentation. Moreover, a single RGB image is
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used for encoding appearance without considering the
temporal ordering. As an alternative to optical-flowbased motion information, which is also interpreted as
temporal dependencies features, (Ryoo et al., 2015)
extracted features from a series of frames to perform
temporal pooling with different operations, including
max pooling, sum pooling, or histogram of gradients.
Then, a temporal pyramid structure allows the encoding of both long-term and short-term characteristics. However, these methods do not take into consideration the temporal order of the activity sequence
frames.
Furthermore, to better exploit information in the
temporal dimension, many other works focused on
Recurrent Neural networks (RNNs) equipped with
Long Short Term Memory (LSTMs) cells (Cao et al.,
2017; Verma et al., 2018), and Convolutional Long
Short-Term Memory (ConvLSTM) (Sudhakaran and
Lanz, 2017; Sudhakaran and Lanz, 2018) for their
capabilities of reasoning along the temporal dimension to learn the temporal dependencies in the respect
of temporal order. This has motivated (Sudhakaran
et al., 2019) to propose an customized LSTM unit in
order to learn visual attention along the activity sequence jointly with the temporal dependencies. However, attention-based methods still have some limitations as we mentioned in section 1. In contrast,
we propose to directly extract the regions of interest
and their associated spatial features, then we learn the
temporal dependencies in a multi-stream manner.

3

PROPOSED METHOD

This section details our proposed pipeline following
the illustration of Figure 1. In the first stage, we extract the regions of interest (Sec 3.1). Then, in the
second stage, we extract the spatial features (Sec 3.2).
In the third stage, we learn the temporal dependencies
(Sec 3.3). Once the temporal learning is ended, in the
last stage, we transfer and exploit the knowledge from
the previous stage to learn to classify activities (Sec
3.4).

3.1

TL-based Regions of Interest
Extraction (RoIE) and Data
Augmentation

Our pipeline uses as unique input a sequence of images (frames) representing a first-person hand activity, that we denote by S = {I1 , I2 , .., IT }, where It is an
image frame at time-step t and T the sequence max
length.

𝑟
𝐻(𝐼𝑡 )
𝑙

Figure 2: The first stage of the pipeline: TL-based Regions
of interest Extraction (RoIE). Each image frame It is fed
into a pre-trained NN H(It ) resulting in two hand region
sequences l and r that refer to the left and the right-hand
regions respectively.

As we mentioned in section 1, the main focus on
the first-person hand activity is centred around the
hands and manipulated objects. To this end, we propose to directly extract and use the left and the right
hand regions as regions of interest. Let denoting
le f t right
H(It ) = {ht , ht } where H(.) is the pre-trained
NN that takes an image frame It as an input and outle f t
right
puts two sub-images ht and ht
that refers to the
left and the right hand respectively. So, by applying
this to all image frames, the activity sequence will be
reformulated by two sequences l and r that belong to
the left and right hand respectively, such as:
le f t

l = {ht

right

}t=1:T and r = {ht

}t=1:T

(1)

Figure 2illustrates the hand region extraction process. The proposed regions of interest characterize
the hand activity sequence in a relevant way since
the visual information from the hands contains information about the type of grasp and the shape of
objects being manipulated (noun) e.g. ”Juice bottle”. Moreover, passing this information through the
time dimension allows retrieving relevant information
about the performed action (verb) e.g. ”Open”. In
Section 4.4, we quantitatively show the efficiency of
the proposed regions of interest. On the other hand,
unlike visual attention methods based on end-to-end
NN (Sudhakaran et al., 2019), using TL to extract
the regions of interest helps to avoid the over-fitting
problem and allows training with a limited number
of samples while ensuring a good accuracy score.
In section4.2, we give details about the adopted pretrained NN.
In daily/industrial hand activities, one of the two
hands, left or right, can be dominant. It depends on
whether the participant is right- or left-handed. This
may cause an imbalance in the training data-set and
make the model less generalizable. To this end, we
proposed an adapted data augmentation process in order to balance the training data-set. It is applied to the
RoIE stage’s outputs. If only one hand is detected for
e.g. left hand, we augment the extracted sub-image of
right
the right-hand ht
with the mirror effect of the de841
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le f t

(a)

Augmentation
for left hand

Adding to that all TL benefits, it decreases the learning cost and avoids the over-fitting problem while
learning on a limited number of training samples. In
section 4.2, we gives details about the adopted pretrained NN.

(b)

Augmentation
for right hand

3.3 Temporal Dependencies Learning
(TDL)

tected left-hand ht . The figure 3illustrates the data
augmentation process.

Figure 3: Illustration of our data augmentation process. (a)
right
the mirror effect of extracted right-hand sub-images ht
are used as augmentation for those of the left hand. (b) the
le f t
mirror effect of extracted left-hand sub-images ht is used
as augmentation for those of the right hand.

In section 4.5, we show quantitatively the effectiveness of this proposed data augmentation process.

3.2

TL-based Spatial Features
Extraction (SFE)

Ψ𝑟

One of the problems where deep learning excels is image classification (Xie et al., 2017). The goal in image
classification is to classify a specific picture according
to a set of possible categories by deeply exploring and
learning the spatial information. This motivated us to
uses a pre-trained NN classifier to extract learned spatial features from the sub-images Eq.1 resulted from
the previous stage.
𝑟

Ψ𝑟
𝑟𝑖𝑔ℎ𝑡
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)
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Figure 4: The second stage of the pipeline: TL-Based Spatial features Extraction (SFE). Each extracted sub-image
le f t
right
ht ∈ l and ht
∈ r is fed into a pre-trained NN E(.). This
stage results two deep spatial feature descriptor sequences
Ψl and Ψr for right and left hand respectively.

We denote by E(.) this pre-trained NN. And we
formulate the spatial feature descriptor sequences by
Ψl and Ψr referring to the left and the right hands
regions as follow:
le f t

Ψl = {E(ht

right

)}t=1:T and Ψr = {E(ht

)}t=1:T (2)

This stage allows to exploit the hands visual information resulted from the previous stage. Using a
sophisticated pre-trained NN reduces the dimension
while keeping a pertinent high-level spatial features.
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Learning long and complex activities requires considering the temporal dimension to make use of the longterm dependencies between sequence time-steps. As
we do not have a learned NN for this very specific
task, we train a LSTM-based NN for its great success
and capabilities to learn these long/short term dependencies. Moreover, in contrast to traditional RNNs,
LSTMs overcome the vanishing gradient problem
by using a specific circuit of gates (Hochreiter and
Schmidhuber, 1997).
LSTMs 𝐺Ɵ𝑟

Softmax

𝑦𝑟
Activity

LSTMs 𝐺Ɵ𝑙

Softmax

𝑦𝑙
Activity

Ψ𝑙

Figure 5: The third stage of the pipeline: Temporal dependencies Learning. For each feature descriptor sequence Ψl
and Ψr a NN composed of stacked LSTM layers followed
by softmax layer are trained independently to learn temporal dependencies by classifying activities.

(Avola et al., 2019; Liu et al., 2019) concatenate
different types of feature spaces as one input vector,
which may complicate the input and confuse the NN.
In contrast, similarly to (Boutaleb et al., 2021), for
each spatial feature descriptors Ψl and Ψr (seen in Sec
3.2), we train separately a simple NN that consists of
staked LSTM layers followed by a softmax layer to
classify activities. Therefore, in total, we train two
NN separately as shown in Figure 5.
More formally, for each descriptor sequence Ψl
and Ψr , we model the temporal dependencies with
a composite function Gθl (Ψl ) and Gθr (Ψr ) respectively, where Gθ. (·) is a LSTM network with θl and θr
learnable parameters, while the output of Gθ. (·) refers
to the last hidden state of the last LSTM unit. For
each network we define a cross entropy loss functions
Ll and Lr as follows:
N

N

Ll = − ∑ yc log(ŷcl ) and Lr = − ∑ yc log(ŷcr ) (3)
c=1

c=1

where N is the number of classes and yc the target label. The ŷcl and ŷcr are the softmax outputs that
refers to the predicted label using left and right hand
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Figure 6: The fourth stage of the pipeline: Post-Fusion-based Classification. Once the temporal dependencies are learned
in the third stage. The LSTM layers are transferred to the fourth stage with fixed parameters θ∗l and θ∗r . Their outputs are
concatenated and fed into a MLP+softmax for the final classification.

descriptor sequence respectively. The temporal learning parameters are optimized by minimizing over a
labeled data set:
θ∗l = arg minLl (y, ŷl ) and θ∗r = arg minLr (y, ŷr ) (4)
θl

θr

At the end of the pre-training, as a result, we have
a set of two trained stacked LSTM layers, with optimised parameters θ∗l and θ∗r :
Gθ∗l (Ψl ), Gθ∗r (Ψr )

(5)

We note that the purpose of this third stage is to
learn the temporal dependencies, and all the classification results ŷl and ŷr are ignored. Only the results
shown in Eq.5 are needed for the next stage.
This pre-training strategy of multiple networks
avoids the fusion of different features spaces, which
reduces the input complexity and the noise learning.
It also allows the LSTM to focus only on learning
over one specific descriptors sequence Ψl or Ψr independently, which also helps to avoid the over-fitting
problem (Ying, 2019; Boutaleb et al., 2021).

3.4

Post-Fusion-based Classification
(PFC)

Once the temporal dependencies are learned, we proceed to the final classification. To this end, similarly
to (Boutaleb et al., 2021), we train another multi-input
NN that exploits the resulted two pre-trained stacked
LSTM layers introduced in (Sec 3.3) that we transfer
with a fixed optimized parameters θ∗l and θ∗r as illustrated in Figure 6.
Seeking to ensure the best classification accuracy,
the two parallel output branches of the transferred
LSTMs are concatenated, then fed into a Multi Layers Perceptron (MLP) that consists of two Fully Connected (FC) layers, followed by a softmax layer (Figure 6). We model this network as shown in Eq.6,
where Fγ is a MLP+softmax with learnable parameters γ, and C is the concatenation function:
Fγ (C({Gθ∗l , Gθ∗r }))

The learnable parameters γ are optimized using
the same loss function as in the previous stage (Sec
3.3) by minimizing over the same training data set.
This post-fusion strategy aims at ensuring a good
accuracy score by tuning between the pre-trained
LSTMs outputs.

4
4.1

EXPERIMENTS
Data Sets

Several large-scale data-sets have been proposed for
EAR, e.g. EGTEA (Sigurdsson et al., 2018) and CharadesEgo (Fathi et al., 2011). In this work, we try
to solve a sub-problem of EAR, namely first-person
hand activity recognition, while activities are supposed to be performed with the hands, which is not
the case for some activity categories of these datasets. To this end, to validate our approach, we used
the following real-world data sets:
FPHA Data Set. Proposed by (Garcia-Hernando
et al., 2018). It provides RGB and depth images with
annotations (associated activitie labels). It is a diverse
data set that includes 1175 activity videos belonging
to 45 different activity categories, in 3 different scenarios performed by 6 actors with high inter-subject
and intra-subject variability of style, speed, scale, and
viewpoint. It represents a real challenge for activity
recognition algorithms. For all the experiments, we
used the setting proposed in (Garcia-Hernando et al.,
2018), with exactly the same distribution of data: 600
activity sequences for training and 575 for testing.
EgoHand Data Set. Proposed by (Bambach et al.,
2015). It has 48 videos recorded with a Google glass.
Each video has two actors doing one of the 4 activities: playing puzzle, cards, jenga or chess. These
videos are recorded in 3 different environments: office, courtyard and living room. We chose this data
set to evaluate our method in case there is not enough

(6)
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training data. We used the setting proposed by (Bambach et al., 2015) that randomly splits these videos
into 36 samples for training, 4 for validation and 8 for
the test.

4.2

Implementation Details

Regions of Interest Extraction. To this end, we used
a pre-trained NN proposed by (Shan et al., 2020),
which is based on Faster R-CNN (Ren et al., 2015).
We have mainly chosen this NN for its great hand detection accuracy providing similar performance on the
same and cross-data set as reported in (Shan et al.,
2020). On the other hand, Faster R-CNN combines
a region proposal network (RPN) based on the CNN
model with the R-CNN (Girshick et al., 2014). This
combination allowed to reduce the computational cost
while achieving efficient object detection. This NN
is pre-trained on 100K frames of 100DOH data-set
(Shan et al., 2020) and 56.4K frames sub-sets of
(Damen et al., 2018; Sigurdsson et al., 2018; Fathi
et al., 2011). It achieves 90.46% of hand detection
accuracy on the 100DOH data set. Detectron2 (Wu
et al., 2019) is used for the implementation.
The pre-trained NN predicts bounding boxes for
all detected hands in the image frame with a confidence score between 0 and 1. We accept boxes with
a confidence score above 0.8. We assign each box to
the left or the right hand of the user according to the
coordinates of the box center in the image frame. If a
third-person hand is detected (more than two hands),
we only consider the largest boxes (the closest to the
camera) as the user’s hands. Finally, for the frames
with no available detection, we assume a hand position below the field of view.
Spatial Features Extraction. For this purpose, we
deliberately chose VGG16 (Liu and Deng, 2015)
for its widespread use as a standard foundation for
TL (Tammina, 2019) and domain adaptation (Chaves
et al., 2020). It is a powerful convolutional neural network, mainly designed for large-scale image recognition. VGG16 model contains a stack of convolutional
layers which capture basic features like spots, boundaries, and colors pattern followed by three fullyconnected layers (FCL) that provides complex higherlevel feature patterns. To this end, we extracted features from the last FCL, which provides an output
vector of dimension 1x4096. VGG16 has shown good
results. However, it is highly computational due to
its complex architecture and a large number of parameters. Moreover, the size of its last FCL output
is very large, and multiplying this size by the length
of the activity sequence results in a large input dimension (200x4096) for the LSTM network. This requires
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high computing resources and time for the training
process. Indeed, we experimented with a lighter pretrained model, namely MobileNetV2 based on an inverted residual structure (Sandler et al., 2018). Table 2 shows the comparison between VGG16 and
MobileNetV2. By using MobileNetV2, the accuracy dropped by 1.5% but we achieved gain in inference/training time and computational resources. The
two models VGG16 and MobileNetV2 are pre-trained
for image classification tasks on the ImageNet dataset (Russakovsky et al., 2015) achieving 92.7% and
90% accuracy respectively. Keras framework is used
for the implementation.
Temporal Dependencies Learning. For each spatial descriptors sequence that refers to the right and
the left hands, we trained different configurations of
separated NNs that consist of 1, 2, 3, and 4 staked
LSTM layers followed by a softmax. We selected the
best configuration that gives the best accuracy score:
2 staked LSTM layers of 100 units. We set the probability of dropout to 0.5 (outside and inside the LSTM
gates). We used Adam with a learning rate of 0.003
for the optimization. All the networks are trained with
a batch size of 64 for 400 epochs. We also padded all
sequence lengths to 200 and 100 time-steps per sequence for the FPHA and EgoHand data sets respectively.
Post-Fusion-based Classification. Once all the temporal dependencies are learned (end of stage 3), in
the PFC stage, we recover the pre-trained LSTM networks, we fix all their weights and discard softmax
layers. Then, the two outputs branches from the two
parallel transferred LSTMs are concatenated and followed by a MLP that consists of two dense layers of
256 and 128 neurons respectively, equipped with a
relu activation function. At the end of the network, a
softmax layer is used for the final classification. This
network is trained until 100 epochs, with the same
batch size and optimization parameters as the previous networks. The implementation is based on Keras
framework.

4.3 State-of-the-Art Comparison
Table 1 shows the accuracy of our approach compared with state-of-the-art methods on the FPHA data
set. The best performing approach among state-ofthe-art methods is Tear (Li et al., 2021), a transformerbased that consists of two modules, inter-frame attention encoder, and mutual-intentional fusion block. By
exploiting RGB and depth modalities they achieved
97.04% of accuracy, which is equivalent to our
achievement (97.91%) while using the RGB modality only. The approach proposed by Boutaleb et al.
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Table 1: Activity recognition accuracy comparison of our proposed approach and the state-of-the-art on the FPHA data set.
Our method outperforms all RGB-based methods including end-to-end visual attention methods.
Methods
Two stream-color (Feichtenhofer et al., 2016)
H+O (Tekin et al., 2019)
Rastgoo et al. (Rastgoo et al., 2020)
Trear (Li et al., 2021)
HON4D (Oreifej and Liu, 2013)
HOG2-depth (Ohn-Bar and Trivedi, 2014)
Novel View (Rahmani and Mian, 2016)
Trear (Li et al., 2021)
Lie Group (Vemulapalli et al., 2014)
Gram Matrix (Zhang et al., 2016)
TF (Garcia-Hernando et al., 2018)
Nguyen et al. (Nguyen et al., 2019)
Boutaleb et al. (Boutaleb et al., 2021)
HOG2-depth+pose (Ohn-Bar and Trivedi, 2014)
JOULE-all (fang Hu et al., 2015)
Tear (Li et al., 2021)
Our

Table 2: Performance comparison of our method on FPHA
data-set using two different pre-trained NNs for spatial features extraction, namely VGG16 and MobileNetV2.
Model
VGG16
MobileNetV2

Inference time (ms) Parameters (millions) Last FCL size Acc.(%)
5.17
3.34

138
3.5

1x4069
1x1028

96.52
95.01

Table 3: Activity recognition accuracy results on EgoHand
data-set that contains only 48 samples. Results show that
our method performs better on a limited amount of data.
Method
Khan et al. (Khan and Borji, 2018) + Ground truth hand mask
Khan et al. (Khan and Borji, 2018)
Bambach et al. (Bambach et al., 2015) + Ground truth hand mask
Bambach et al. (Bambach et al., 2015)
Babu et al. (Babu et al., 2019)
Our

Acc (%)
71.1
68.4
92.9
73.4
89.0
98.79

(Boutaleb et al., 2021) gives good results, but they
used the ground truth of 3D hand joints, which is not
always available. This may conclude that RGB image sequences can provide the necessary elements to
recognize hand activities.
Table 3 shows the accuracy of our approach compared to state-of-the-art methods on the EgoHand data
set. The proposed work by (Khan and Borji, 2018)
and (Bambach et al., 2015) was more focused on hand
segmentation in an egocentric viewpoint. Nevertheless, they used the estimated and ground-truth hand
masks to recognize activities. We outperformed their
results by more than 5% of accuracy, confirming the
effectiveness of the proposed regions of interest over
the hand mask. Since the EgoHand contains only 48
samples, this can also prove the ability of our method
to learn on a limited amount of data.

Year
2016
2019
2020
2021
2013
2014
2016
2021
2014
2016
2017
2019
2020
2014
2015
2021
-

4.4

Modality
RGB
RGB
RGB
RGB
Depth
Depth
Depth
Depth
3D Pose
3D Pose
3D Pose
3D Pose
3D Pose
Depth+3D Pose
RGB+Depth+3D Pose
RGB+Depth
RGB

Accuracy(%)
61.56
82.26
91.12
94.96
59.83
70.61
69.21
92.17
82.69
85.39
80.69
93.22
96.17
66.78
78.78
97.04
97.91

Contribution of Proposed Regions
of Interest

To better show the contribution of left and right hands
regions of interest, we skipped the RoIE stage. Instead, we used the full-image frames. As expected,
results presented in table 4 shows that without our regions of interest, the accuracy dropped by more than
14%, which confirms RoIE effectiveness. Moreover,
by using only the right hand as the region of interest,
we overcome most state-of-the-art methods.
Table 4: Activity recognition accuracy results on FPHA
data-set with and without using our proposed regions of interest. Results show the significant impact of these regions
of interest.
Extracted region of interest
Full image
Left hand bounding box
Right hand bounding box
Left+Right hands bounding boxes

Acc.(%)
82.01
85.00
91.82
96.52

As we mentioned in section 3.1, highly relevant
information related to manipulated objects (nouns)
e.g. ”juice bottle” can be derived from the visual
data of the hand boxes, such as grasp type and object shape. Furthermore, by learning the temporal dependencies through this information, we can
also relevantly characterize the actions (verbs) e.g.
”open”. For more ablation studies, we experimented
our method on object and action recognition. Table 5
shows that our proposed method gives a good object
and action recognition score by achieving 97.56% and
94.26% of accuracy respectively.
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Table 5: Object (noun) and Action (verb) recognition accuracy on FPHA data-set using our proposed pipeline. The
accuracy results show that the proposed regions of interest allow object and action recognition which facilitates the
hand activity recognition.
Task

Number of classes

Objects (nouns)

27

Actions (verbs)

27

4.5

Region of interest
Left hand
Right hand
Left+Right hands
Left hand
Right hand
Left+Right hands

Acc(%)
88.69
95.82
97.56
85.56
92.17
94.26

Data Augmentation

The results in Table 6 show that the accuracy is significantly increased by 1.39% when we used our adapted
data augmentation process. Furthermore, using only
the right-hand regions of interest, we outperforms
most state-of-the-art methods by achieving 94.26% of
accuracy.
Table 6: Activity recognition accuracy results on FPHA
data-set. (*) without data augmentation, (**) using data
augmentation.
Extracted region of interest
Left hand bounding box
Right hand bounding box
Left+Right hands bounding boxes

5

Acc(*) (%)
85.00
91.82
96.52

Acc(**) (%)
88.00
94.26
97.91

CONCLUSION

In this paper, a novel learning pipeline for first-person
hand activity recognition has been introduced. The
proposed pipeline is composed of four stages. In the
first stage, we presented our TL-based regions of interest extraction, the left, and right hands regions,
which has proven to be effective. The second stage
is the TL-based deep spatial feature extraction method
that exploits the regions of interest visual information.
To manage the temporal dimension, in the third stage
we trained temporal NNs in a multi-stream manner.
Then, in the last stage, we applied a post-fusion strategy to classify activities. The pipeline is evaluated on
two real-world data sets and showed good accuracy
results.
As future improvements, we plan to exploit other
regions of interest, for e.g. the manipulated object
regions, in order to avoid the ambiguous case of high
intra-class dissimilarity, where manipulated objects in
the same activity class may have different shapes, grip
types, and colors, which may be challenging for our
proposed regions of interest that focus only on hands’
motion and appearance.
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Royan, J., and Séguier, R. (2021). Efficient multistream temporal learning and post-fusion strategy for
3d skeleton-based hand activity recognition. In VISIGRAPP.
Cao, C., Zhang, Y., Wu, Y., Lu, H., and Cheng, J. (2017).
Egocentric gesture recognition using recurrent 3d convolutional neural networks with spatiotemporal transformer modules. 2017 IEEE International Conference
on Computer Vision (ICCV), pages 3783–3791.
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Kläser, A., Marszalek, M., and Schmid, C. (2008). A spatiotemporal descriptor based on 3d-gradients. In BMVC.
Kondratyuk, D., Yuan, L., Li, Y., Zhang, L., Tan, M.,
Brown, M., and Gong, B. (2021). Movinets: Mobile
video networks for efficient video recognition. ArXiv,
abs/2103.11511.
Laptev, I., Marszalek, M., Schmid, C., and Rozenfeld,
B. (2008). Learning realistic human actions from
movies. 2008 IEEE Conference on Computer Vision
and Pattern Recognition, pages 1–8.
Li, X., Hou, Y., Wang, P., Gao, Z., Xu, M., and Li, W.
(2021). Trear: Transformer-based rgb-d egocentric
action recognition. ArXiv, abs/2101.03904.
Liu, S. and Deng, W. (2015). Very deep convolutional
neural network based image classification using small
training sample size. 2015 3rd IAPR Asian Conference on Pattern Recognition (ACPR), pages 730–734.
Liu, W., Anguelov, D., Erhan, D., Szegedy, C., Reed, S., Fu,
C.-Y., and Berg, A. (2016). Ssd: Single shot multibox
detector. In ECCV.
Liu, Y., Jiang, X., Sun, T., and Xu, K. (2019). 3d gait
recognition based on a cnn-lstm network with the fusion of skegei and da features. 2019 16th IEEE International Conference on Advanced Video and Signal
Based Surveillance (AVSS), pages 1–8.
Ma, M., Fan, H., and Kitani, K. M. (2016). Going deeper
into first-person activity recognition. 2016 IEEE Conference on Computer Vision and Pattern Recognition
(CVPR), pages 1894–1903.

Min, K. and Corso, J. J. (2020). Integrating human gaze into
attention for egocentric activity recognition. ArXiv,
abs/2011.03920.
Nguyen, X. S., Brun, L., Lézoray, O., and Bougleux, S.
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