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Abstract
Human action recognition is a process of labeling video frames with action labels. It is a challenging research topic since
the background of videos is usually chaotic, which will reduce the performance of traditional human action recognition
methods. In this paper, we propose a novel spatiotemporal saliency-based multi-stream ResNets (STS), which combines
three streams (i.e., a spatial stream, a temporal stream and a spatiotemporal saliency stream) for human action recognition.
Further, we propose a novel spatiotemporal saliency-based multi-stream ResNets with attention-aware long short-term
memory (STS-ALSTM) network. The proposed STS-ALSTM model combines deep convolutional neural network (CNN)
feature extractors with three attention-aware LSTMs to capture the temporal long-term dependency relationships between
consecutive video frames, optical flow frames or spatiotemporal saliency frames. Experimental results on UCF-101 and
HMDB-51 datasets demonstrate that our proposed STS method and STS-ALSTM model obtain competitive performance
compared with the state-of-the-art methods.
Keywords Spatiotemporal saliency  Multi-stream  Attention-aware  LSTM  Action recognition

1 Introduction
Human action recognition is a process of labeling video
frames with action labels [10, 29, 41, 52]. It has a wide
range of applications in real life such as intelligent
surveillance, virtual reality (VR), video retrieval, intelligent human–computer interaction and shopping behavior
analysis.
Conventional handcrafted feature-based human action
recognition methods cannot fully extract efficient and
robust features from videos, especially when there are
complex clutter backgrounds in the videos such as target
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occlusion, illumination variation and camera movement.
To address this challenge, deep convolutional neural network (CNN)-based human action recognition methods
have been developed, which can be categorized into three
categories: (i) two-stream convolutional neural networkbased methods [10, 41, 50], (ii) 3D convolutional neural
network-based methods [8, 16, 47] and (iii) recurrent
neural network-based methods. Typically, a two-stream
convolutional neural network consists of two streams: a
spatial stream and a temporal stream. The spatial stream is
used to capture the appearance information from a video,
while the temporal stream is used to capture the motion
information from the video. Different from two-stream
convolutional neural networks, 3D convolutional neural
networks can simultaneously learn the spatial and temporal
information from multiple consecutive video frames.
Recurrent neural network (RNN)-based methods can capture the temporal long-term dependency relationships
between consecutive video frames, which is widely used
for temporal sequence tasks such as machine translation,
speech recognition, natural language processing and action
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recognition. Long short-term memory (LSTM) is a widely
adopted RNN to avoid the vanishing gradient problem
existing in traditional RNNs, which usually adopt handcrafted features or CNN extracted features as inputs.
However, the above methods have not particularly
considered the effect of clutter backgrounds in the videos.
For human action recognition, the clutter backgrounds
impose a negative effect on recognition accuracy. To solve
this problem, we propose a novel spatiotemporal saliencybased multi-stream ResNets (STS for short) for human
action recognition, which combines three different streams
including a spatial stream, a temporal stream and a spatiotemporal saliency stream. Given a video, the spatial
stream utilizes the RGB frames of the video as input, and
the temporal stream utilizes the optical flow frames of the
video as input. The spatiotemporal saliency maps, which
are obtained by a geodesic distance-based video segmentation method [51], are used as the input of the spatiotemporal saliency stream. This can capture the
spatiotemporal object foreground information in the video
and suppress the background information.
Further, in order to capture the temporal long-term
dependency relationships between consecutive video
frames, we propose a novel spatiotemporal saliency-based
multi-stream ResNets with attention-aware LSTM (STSALSTM for short) for action recognition. The proposed
STS-ALSTM model can capture the abstract appearance
features, motion features and spatiotemporal saliency features through the STS multi-stream model. Then these
three different extracted CNN features are fed into three
corresponding stacked attention-aware LSTMs which can
capture long-term dependency relationships in the temporal
dimension. Lastly, an averaging fusion is adopted for the
outputs of three different LSTM streams. Note that the
preliminary results of this research have been reported in a
conference paper in [58]. Compared with the paper [58]
which proposed the STS multi-stream model, we further
propose the STS-ALSTM model which extends our original STS multi-stream model by connecting an attentionaware LSTM. We also perform more extensive experiments to compare our proposed STS multi-stream model
and STS-ALSTM model with related CNN-based or
LSTM-based methods for action recognition.
In summary, the contributions of this paper include:
(i) We propose a novel spatiotemporal saliency-based
multi-stream ResNet (STS) for human action recognition,
which consists of a spatial stream, a temporal stream and a
spatiotemporal stream. The spatial stream is responsible for
capturing appearance information from raw RGB video
frames, the temporal stream is responsible for capturing
motion information from optical flow frames, and the
spatiotemporal saliency stream is responsible for capturing
the spatiotemporal foreground information of video objects
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from spatiotemporal saliency maps. (ii) The novel spatiotemporal saliency stream can reduce the background
interference in videos and provide the spatiotemporal
object foreground information for human action recognition. (iii) Based on STS, we propose a novel spatiotemporal
saliency-based multi-stream ResNets with attention-aware
LSTM (STS-ALSTM) for action recognition, use multistream ResNets as a deep CNN feature extractor and then
input the extracted features into three individual attentionaware LSTMs, which can capture the temporal long-term
dependency relationships between consecutive video
frames. (iv) An averaging fusion is adopted for the outputs
of the three LSTM streams.
The rest of this paper is organized as follows. Section 2
presents related work. The proposed methods are presented
in detail in Sect. 3. Section 4 shows the results of conducted extensive experiments. Section 5 provides the
conclusions of the paper.

2 Related works
2.1 Two-stream network-based methods and 3D
CNN-based methods
Recently, two-stream-based 2D convolutional neural networks have been widely applied for human action recognition. Simonyan et al. [41] first proposed a two-stream
CNN architecture, in which spatial and temporal neural
networks were developed to capture spatial and temporal
information of videos separately, and the output of these
two networks was combined by late fusion. Wang et al.
[50] proposed the temporal segment network (TSN) with
four types of input modalities, which was based on the idea
of long-range temporal video structure modeling. Feichtenhofer et al. [10] proposed spatiotemporal residual networks (ST-ResNet) to add residual connections between
different layers and learned spatiotemporal features by
connecting the appearance channel and motion channel.
Wang et al. [54] developed a spatiotemporal pyramid
network to fuse the spatial and temporal features. A spatiotemporal compact bilinear operator was adopted to
enable unified modeling of various fusion strategies. Jing
et al. [55] combined multiple streams with dynamic images, optical flow frames and raw frames as input to improve
the performance of action recognition. Liu et al. [25] proposed a multi-stream neural network by using RGB frames,
dense optical flow frames and gradient maps as the input,
where different streams were responsible for capturing
various appearance and motion feature information.
Different from two-stream networks, 3D convolution
can process multiple consecutive images at the same time,
and 3D convolution neural networks have the ability to
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extract temporal information between video frames
[13, 17, 32, 33, 36]. Ji et al. [16] firstly developed a 3D
CNN model that provided multiple channels from adjacent
input frames and performed 3D convolution for each
channel. Du et al. [47] proposed convolutional 3D (C3D)
which used multi-frames as an input of the network. Diba
et al. [8] developed temporal 3D CNN (T3D) by deploying
a 3D temporal transition layer (TTL) instead of a transition
layer in DenseNet [15]. Qiu et al. [37] developed a residual
learning model by using different convolution filters and
proposed the Pseudo-3D Residual Net (P3D ResNet). Yang
et al. [56] developed an asymmetric 3D convolutional deep
model and proposed a multi-source-enhanced input method
to decrease the computational cost. Li et al. [22] developed
a spatiotemporal deformable 3D convolutions by using an
attention mechanism and exploited temporal and spatial
dependencies. Liu et al [24] developed a HDS-SP
descriptor for skeleton-based human action by using a
better viewpoint. 3D CNN-based networks need training
much more parameters and cost expensive computation
compared with 2D CNN-based networks [47].
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recognition framework with a slight additional cost. Xie
et al. [55] combined top-heavy model design, temporally
separable convolution and spatiotemporal feature gating
together to improve the performance of action recognition.
Shamsolmoali et al. [38] developed two residual multiple
instance learning (MIL) models for the human pose estimation task by using generation and discriminator of the
identical architecture. Sun et al. [43] developed a network
that maintained high-resolution representations through the
whole pose estimate process. Si et al. [40] developed an
attention-enhanced graph convolutional LSTM network
(AGC-LSTM) and used the attention mechanism to get
information of key joints. To reduce noises in human
motion vectors and capture fine motion details, Shou et al.
[39] developed a lightweight generator network and
achieved a more discriminative motion cue (DMC) representation. The usage of two-stream-based methods in realworld applications requires low latency; Crasto et al. [5]
developed a linear combination of the feature-based loss
and the standard cross-entropy loss training method for
action recognition.

2.2 RNN-based methods and others
Since videos consist of a series of consecutive video
frames, RNN-based methods have been widely used for
action recognition. Baccouche et al. [2] proposed to use
3D-CNN to extract abstract features from raw video frames
input, and then, a LSTM was adopted for classification. Ng
et al. [57] proposed to use CNNs to extract features from
raw video frames or optical flow frames and then fed the
outputs of a CNN into a LSTM for classification. Donahue
et al. [9] proposed long-term recurrent convolutional networks (LRCNs) for activity recognition, which used CNNs
to extract features and use LSTM networks for recognition.
Cheng et al. [6] proposed a two-stream attention-based
LSTM architecture, which utilized a visual attention
mechanism for human action recognition. Mahshid et al.
[27] proposed extended LSTM units to perceive the motion
data and extract motion features through a spatiotemporal
component for action recognition. Amin et al. [48] proposed to use convolutional neural networks to extract deep
features and to use deep bidirectional LSTM networks to
learn the sequential features.
In addition to the development of the above three kinds
of methods for human action recognition, some research
contributes to the related fields (such as data input, model
architecture and fusion) to address the challenges in human
action recognition. Kar et al. [18] developed AdaScan to
dynamically pool the key informative frames and proposed
a pooled feature vector for human action recognition. Sun
et al. [46] proposed a compact motion representation which
can be embedded in any existing CNN-based video action

3 The proposed methods: STS and STSALSTM
In this section, we first introduce the spatiotemporal saliency map generated by [51] in Sect. 3.1. Then we propose
a novel spatiotemporal saliency-based multi-stream ResNet
(STS) for human action recognition in Sect. 3.2. After that,
we propose a novel spatiotemporal saliency-based multistream ResNets with attention-aware LSTM (STSALSTM) for action recognition in Sect. 3.3. Finally,
Sect. 3.4 describes the training process and the fusion
strategy of the proposed methods.

3.1 Spatiotemporal saliency map
Video object segmentation method is a process of
extracting objects from videos, which is widely utilized in
many visual-related tasks and applications [31, 35, 50]. For
human action recognition, video object segmentation has
the ability to segment foreground human objects from
complex background in all video frames. Inspirited by a
geodesic distance-based video segmentation method [51],
which distinguish the foreground objects from surrounded
background areas according to the corresponding spatiotemporal edge values, this paper generates spatiotemporal saliency maps from videos using this technique.
The procedure of the proposed method can be summarized as the following steps: (i) obtaining a superpixel set
for the input video frames by using a k-means clustering
method [1]; (ii) obtaining a spatial edge probability map by
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using an edge detection method [21]; (iii) obtaining the
temporal gradient magnitude of optical flow frames [4];
(iv) computing the spatial edge probability of each superpixel to obtain spatial superpixel edge maps; (v) computing
the temporal gradient magnitude of each superpixel to
obtain temporal superpixel optical flow magnitude maps;
(vi) obtaining spatiotemporal edge probability maps by
combing the spatial superpixel edge maps and the temporal
superpixel optical flow magnitude maps; and (vii) obtaining spatiotemporal saliency maps from the spatiotemporal
edge probability maps by calculating the probability of
foreground objects based on their geodesic distance.
The spatiotemporal saliency maps generated by the
geodesic distance-based video segmentation method [51] is
shown in Fig. 1. The spatiotemporal saliency maps contain
both foreground information and edge information of
human objects, which provides rich prior spatiotemporal
knowledge for human action recognition.

3.2 STS model
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fusion to form a final softmax score for human action
recognition.

3.3 STS-ALSTM model
The framework of our proposed spatiotemporal saliencybased multi-stream ResNets with attention-aware LSTM
(STS-ALSTM) model is illustrated in Fig. 3. Similar to the
proposed STS model, the STS-ALSTM model consists of
three CNN streams and three LSTM streams. Similar to the
STS model, the CNN part contains: a spatial stream with
RGB video frames as input, a temporal stream with optical
flow frames as input and a spatiotemporal saliency stream
with spatiotemporal saliency maps as input. We use them
as a deep CNN feature extractor and then input the
extracted three different CNN features into three individual
attention-aware LSTMs to capture the temporal long-term
dependency relationships between consecutive video
frames, optical flow frames or spatiotemporal saliency
frames. Specifically, we split the input frames of each
individual stream into multiple sequences and then put
every short sequence of frames into the proposed CNN
encoder to generate each sequence with 1D vectors.
Finally, the attention-aware LSTM model can take the 1D
vectors to synthesize temporal information for action
recognition.

The framework of our proposed spatiotemporal saliencybased multi-stream ResNet (STS) model is illustrated in
Fig. 2. The STS model consists of three streams: a spatial
stream, a temporal stream and a spatiotemporal saliency
stream. The spatial stream is responsible for capturing
appearance information from raw RGB video frames, the
temporal stream is responsible for capturing motion
information from optical flow frames, and the spatiotemporal saliency stream is responsible for capturing the spatiotemporal foreground information of video objects from
spatiotemporal saliency maps. The neural networks for the
spatial stream, the temporal stream and the spatiotemporal
saliency stream are trained individually. Then the outputs
of the softmax layers of the three streams are averaged for

Recently, various CNNs have proved their abilities in
extracting both spatial and temporal features from videos,
especially residual networks [11, 14, 20, 30]. Different
from other deep neural networks using multiple stacked
layers F(x) to approximate the desired underlying mapping
H(x), residual networks consider using multiple stacked

Fig. 1 Spatiotemporal saliency maps generated by the geodesic
distance-based video object segmentation method [51]. The top row
shows 10 consecutive RGB frames sampled with a fixed time interval

in the ‘‘Cricket Shot’’ and ‘‘Archery’’ videos from UCF-101 dataset
[42], and the second row illustrates their corresponding spatiotemporal saliency maps
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Fig. 2 Framework of our
proposed STS human action
recognition model. It consists of
a spatial stream with RGB video
frames as input, a temporal
stream with optical flow frames
as input and a spatiotemporal
saliency stream with
spatiotemporal saliency maps as
input
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Fig. 3 Framework of the proposed STS-ALSTM model

layers F(x) to approximate a residual mapping HðxÞ  x. In
this paper, we use ResNet to encode each 2D frame xðtÞ into
a 1D vector r ðtÞ by using fcnn ðxðtÞ Þ ¼ r ðtÞ , which presents the
output of the last fully connected layer.
3.3.2 Attention-aware LSTM
Recurrent neural networks, especially LSTM networks, are
widely applied to many tasks such as text generation,
machine
translation
and
speech
recognition
[3, 26, 34, 44, 53]. In this paper, we use a LSTM network
as a decoder to process the obtained vector r ðtÞ . The LSTM
network utilizes the 1D vector r ðtÞ as the input and outputs
another 1D sequence hðtÞ . Since a typical LSTM unit

mainly includes an input activation function, a single
memory cell and three gates (i.e., an input gate it , a forget
gate ft and an output gate ot ), we set rðxÞ ¼ ð1 þ ex Þ1 as
the sigmoidal nonlinearity that can map the input data into
x
x
the interval [0,1], and set uðxÞ ¼ eex e
þex ¼ 2rð2xÞ  1 as the
hyperbolic tangent nonlinearity that can map the input data
into the interval [1, 1]. The related formulas of the LSTM
unit are shown as follows:
it ¼ rðWxi xt þ Whi ht1 þ bi Þ

ð1Þ

ft ¼ rðWxf xt þ Whf ht1 þ bf Þ

ð2Þ

ot ¼ rðWxo xt þ Who ht1 þ bo Þ

ð3Þ
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ct ¼ ft  ct þ it  gt

ð4Þ

ht ¼ ot  uðct Þ

ð5Þ

where Wxi is the relevant weight matrixes between layers;
bi is the bias; ct is the memory cell unit that is a summation
of the previous memory cell unit cðt1Þ modulated by the
forget gate ft and the input modulation gate gt modulated
by the input gate it ; ht is the hidden unit; and  is the
element-wise product with the gate value.
The attention module utilized in this paper is illustrated
in Fig. 4. We combine both the current target hidden state
ht and the context vector ct to produce an attention-aware
0
hidden state ht . Thus, the attention-aware hidden state can
be defined as follows:
0

ht ¼ tanhðWc ½ct ; ht Þ

ð6Þ

The attention vector ct which depends on previous hidden
states fh1 ; . . .; hðTx Þ g can be defined as follows:
ct ¼

Tx
X

aij hj

ð7Þ

j¼1

The weight aij of each target hidden state hj is formulated
as follows:
expðeij Þ
aij ¼ PTx
k¼1 expðeik Þ

ð8Þ

b ¼ tanhðwxt xt þ wxðt1Þ xt1 þ bt Þ

ð9Þ

Fig. 4 Attention module at each time step t. The model infers a
variable length alignment weight vector aði;jÞ based on the attention
vector ct and the current target hidden state ht , and yt is the attention0
aware output at the final attention-aware target hidden state ht
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where eij ¼ bðhði1Þ ; hj Þ is a scoring model for determining
the matching degree between the input at position j and the
output at position i, b is the relevance coefficient and bt is
the bias parameter.
0
The attention aware of a hidden state vector ht is then
fed through the softmax classifier for categorical predictions as follows:
0

Pðyi jy1 ; . . .; yi1 ; rÞ ¼ softmaxðWs ; ht Þ

ð10Þ

3.4 The training process and the fusion strategy
The proposed two models all consist of three different
streams: a spatial stream, a temporal stream and a spatiotemporal saliency network. We train the three streams
separately to extract the appearance information, motion
information and spatiotemporal saliency information from
videos. All training details are summarized as follows.
The spatial stream with RGB frames as input provides
the basic appearance characteristics of the video, which is
the most important stream in the action recognition process
[50]. The input of the spatial stream consists of multiple
RGB frames obtained in a random sampling interval from
the extracted video frames. Similar to the temporal segment network [50] training strategy, we randomly select
ten video frames from a video for representing the video.
Then a consensus among the selected frames is derived as
the video-level prediction. We input the ten video frames
separately into each CNN and calculate the losses; then,
these losses will be added as the final loss for backpropagation. The output is fed into a stack of attention-aware
LSTMs; finally, the attention-aware hidden state vector is
then fed through the softmax classifier for categorical
predictions.
The temporal stream with optical flow frames as input
provides the motion information of the action, which has
been crucial for action recognition. We use the optical flow
estimation [4] method to obtain optical flow frames from
the raw RGB frames of videos. Different from the input of
the spatial stream, we randomly select a series of stacked
optical flow frames from the optical flow frames as the
input of the temporal stream and use each CNN to extract
features and each attention-aware LSTM to predict
categories.
The spatiotemporal saliency stream with spatiotemporal
saliency maps as input provides the spatiotemporal object
foreground information and reduces the background interference. We utilize a geodesic distance-based video segmentation method [51] to obtain the spatiotemporal
saliency maps from the RGB frames and optical flow
frames. Similar to the input of the spatial stream, we randomly select ten frames from the spatiotemporal saliency
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maps, and we input these gray images separately into every
CNN to extract spatiotemporal saliency foreground objects
features, and the output is fed into a stack of attentionaware LSTMs to finish decoding. The attention-aware
outputs for categorical predictions represent the output of
the spatiotemporal saliency stream.
Since the proposed two models all consists of three
streams (i.e., a spatial stream, a temporal stream and a
spatiotemporal saliency network) as inputs, the outputs of
these three streams need to be fused together to integrate
the spatial information and temporal information of videos.
In this paper, we utilize an averaging fusion [6, 27] as the
fusion strategy, and then, the fusion results can be used for
recognition.

4 Experiments
4.1 Datasets
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tune the spatiotemporal saliency stream. And then, the
output of the last fully connected layer is fed into a stack of
attention-aware LSTMs to finish categorical prediction.

4.3 Comparison with different input
The loss scores and classification accuracies of two-stream
method and our STS multi-stream method for human
action recognition on the UCF-101 dataset are illustrated in
Fig. 5. As shown in Fig. 5, we found that the loss value of
the two-stream convolutional neural network is smaller
than that of the STS multi-stream residual neural network,
but as the number of iterations increases, the loss of the
multi-stream residual neural network does not change
significantly and gradually stabilizes at a certain level. The
numerical value indicates that the parameter optimization
of the network model has reached a better state. At the
same time, it can be found that when the recognition
accuracy of the two methods reaches 80%, the proposed

We evaluate the performance of our proposed model on
UCF-101 [42] and HMDB-51 [19] datasets. The UCF-101
dataset consists of 101 action categories with 13320 video
clips. The HMDB-51 dataset includes 6849 video clips
divided into 51 action categories, and each category contains a minimum of 101 video clips. We use the pre-provided training/test split of the UCF-101, which divides the
UCF-101 dataset into 9537 training videos and 3783 testing
videos. Similarly, we use the pre-provided training/test
split of the HMDB-51, which contains about 3750 training
videos and 3099 test videos.

4.2 Implementation details
We use Pytorch to implement our proposed model and train
the model on 4 Nvidia GTX 2080Ti GPUs. We set the
learning rate to 0.001 and use a mini-batch size of 32. We
adopt 101-layer ResNet (ResNet-101 for short) for feature
extraction of the spatial stream, the temporal stream and
the spatiotemporal saliency stream. We first use the pretrained ResNet-101 on the ImageNet dataset, which is a
large-scale hierarchical image database containing more
than 1 million images [7], as the spatial stream model
parameter initialization. Then we fine-tune the pre-trained
ResNet-101 on the UCF-101 and HMDB-51 datasets. For
the temporal stream, by averaging the weight value across
RGB channels and replicating this value by the channel
number of motion stream input, we use ImageNet pretrained weights and modify the weights of the first convolution layer pre-trained on ImageNet from (64, 3, 7, 7) to
(64, 20, 7, 7), which contains 10 x-channel and 10
y-channel optical flow frames. Similar to the spatial stream,
we use the pre-trained ResNet-101 on ImageNet and fine-

Fig. 5 Loss scores and accuracies of two comparison methods on the
UCF-101 dataset

123

14600
Table 1 Accuracy of different
modalities on the UCF-101
dataset

Table 2 Accuracy of different
modalities on the HMDB-51
dataset
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Input

STS (%)

STS-ALSTM (%)

RGB

81.3

82.3

Optical flow

79.7

83.5

RGB ? optical flow

87.2

89.3

RGB ? spatiotemporal saliency

82.5

84.5

Optical flow ? spatiotemporal saliency

80.4

86.1

RGB ? optical flow ? spatiotemporal saliency

90.1

92.7

Input

STS (%)

STS-ALSTM (%)

RGB

50.1

52.6

Optical flow

55.6

57.1

RGB ? optical flow

60.5

63.8

RGB ? spatiotemporal saliency

53.7

56.7

Optical flow ? spatiotemporal saliency

57.8

57.9

RGB ? optical flow ? spatiotemporal saliency

62.4

64.4

method reduces the number of iterations by more than 10
times compared with the two-stream method. STS multistream residual neural networks we proposed can achieve
recognition accuracy of more than 90%, and the network
model always remains stable. From the above analysis, the
STS multi-stream network based on spatiotemporal saliency is superior to the two-stream convolutional neural
network in model training and can maintain a
stable recognition rate.
The experimental results are reported in Tables 1 and 2.
It is obvious that the accuracy of the input with two
modalities (such as RGB frames ? optical flow frames) is
higher than the input with a single modality (such as RGB
frames) on both UCF-101 dataset and HMDB-51 datasets.
Further, by using our STS-ALSTM multi-stream model, we
can find that the input with optical flow frames and spatiotemporal saliency improves 2.6% and 0.8% than the
input with only optical flow frames on UCF-101 and
HMDB-51 datasets, respectively. The addition of spatiotemporal saliency stream can provide the spatiotemporal
object foreground information and reduce the background
interference, which is beneficial for action recognition. A
similar phenomenon can be verified when we use RGB
frames and spatiotemporal saliency maps as the input of
STS-ALSTM multi-stream model, the input with RGB
frames and spatiotemporal saliency improves 2.2% and
4.1% than the input with only RGB frames on UCF-101
and HMDB-51 datasets, respectively. When we fuse all
these three streams of our STS-ALSTM multi-stream
model, we can obtain the best accuracy of 92.7% and
64.4% on UCF-101 and HMDB-51 datasets, respectively.
By using STS-ALSTM multi-stream model, the input with
all three modalities improves 3.4% and 0.6% than the input
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with RGB frames and optical flow frames on UCF-101 and
HMDB-51 datasets, respectively, which demonstrates that
the spatiotemporal saliency stream can further provide
effective supplementary information for improving the
performance of action recognition.

4.4 Comparison with state of the art
Table 3 compares the experimental results of the proposed
STS multi-stream method and other state-of-the-art methods for human action recognition. The proposed multistream model is superior to iDT?HSV [28], C3D [47],
deeper temporal net [12], two-stream [41], FstCN [45],
TDD?FV [49], scLSTM [52], VideoLSTM [23], L2STM
[44] and STS model [58]. Especially compared with other
two-stream-based models such as Two-stream [41] and
Table 3 Comparison of our method based on multi-stream with the
state-of-the-art methods on the UCF-101 and HMDB-51 datasets
Methods

UCF-101 (%)

HMDB-51 (%)

iDT?HSV [28]

87.9

61.1

C3D [47]

85.2%

–

Deeper temporal net [12]

84.9

–

Two-stream [41]

88.0

54.9

FstCN [45]

88.1

59.1

TDD?FV [49]

90.3

63.2

scLSTM [52]

84.0

55.1

VideoLSTM [23]
L2STM [44]

89.2
93.6

56.4
66.2

STS

90.1

62.4

STS-ALSTM

92.7

64.4
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two-stream ? LSTM [57], our proposed multi-stream STSALSTM model obtains better performance since the spatiotemporal saliency stream can provide the spatiotemporal
object foreground information and capture long-term
dependency relationships in the temporal dimension.

5 Conclusion
In this paper, we propose a novel spatiotemporal saliencybased multi-stream ResNet and a novel spatiotemporal
saliency-based multi-stream ResNet with attention-aware
LSTM for action recognition; these two models consist of
three complementary streams: a spatial stream with RGB
frames as input, a temporal stream with optical flow frames
as input and a spatiotemporal saliency stream with spatiotemporal saliency maps as input. Compared with conventional two-stream-based models and LSTM-based
models, the proposed methods STS can provide the spatiotemporal object foreground information and reduce the
background interference, which has been verified effective
for human action recognition, and the STS-ALSTM multistream model can further capture long-term dependency
relationships between consecutive video frames. Experimental results demonstrate that our proposed STS-ALSTM
multi-stream model achieves the best accuracy compared
with the input with single modality or two modalities. In
the future, we will further explore sharing information
between different streams to improve the performance of
human action recognition.
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