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Abstract: The Two-stream convolution neural network (CNN) has proven a great success in action
recognition in videos. The main idea is to train the two CNNs in order to learn spatial and temporal
features separately, and two scores are combined to obtain final scores. In the literature, we observed
that most of the methods use similar CNNs for two streams. In this paper, we design a two-stream
CNN architecture with different CNNs for the two streams to learn spatial and temporal features.
Temporal Segment Networks (TSN) is applied in order to retrieve long-range temporal features, and to
differentiate the similar type of sub-action in videos. Data augmentation techniques are employed to
prevent over-fitting. Advanced cross-modal pre-training is discussed and introduced to the proposed
architecture in order to enhance the accuracy of action recognition. The proposed two-stream model
is evaluated on two challenging action recognition datasets: HMDB-51 and UCF-101. The findings
of the proposed architecture shows the significant performance increase and it outperforms the
existing methods.

Keywords: segment-based temporal modeling; two-stream network; action recognition

1. Introduction

Human Action Recognition is an emerging research area that has gained prominent attention
in computer vision. One of the reason for which researchers are interested in the action recognition
in video is the wide range of its applications in human-computer communication, video retrieval,
management of web videos, surveillance [1], medicine, etc. When ompared to the still image
recognition, temporal content in the video provides supplemental data for action recognition, as the
number of actions can be accurately recognized using motion information. Action recognition in
videos is a strenuous job because of the similarity in visual contents (frames) [2], view-point variation,
camera motion, scale and pose of actor, and lighting conditions. Recently, the introduction of deep
CNNs has made a major breakthrough performance in speech and image recognition tasks. Since then,
computer vision researchers have started to apply the deep CNNs to action recognition in videos [3,4].

Deep learning in video action recognition is relatively slow when compared to image recognition.
There are two reasons; first, scale and diversity of the video action recognition datasets are relatively
small as compared to the image recognition datasets. Thus, small datasets will lead to overfitting,
and the model will not be generalized for recognition. It is hard to create large-scale video datasets
and train them on depth networks. Second, when compared to the image datasets, video data
will contain an additional cue, called temporal information, which needs complex data analysis.
Recently, many researchers have made attempts to solve these challenges and proposed solutions.
Karpathy et al. [3], studied the performance of video action recognition on SPORTS-1M video
classification dataset, compared the different CNN models. Du et al. proposed the C3D model,
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a three-dimensional convolution network for video action recognition. Later, Simonyan et al. [5]
presented a two-stream architecture for the first time for action recognition in videos, that works on
two CNNs which showed good performance improvement. The researchers for the aforementioned
methods are able to utilize the temporal component, but work only for a short time; in lengthy videos,
information cannot persist for a long time. To solve this problem, Wang et al. [6] designed a video level
segmental architecture, called Temporal Segment Networks that can efficiently learns the features and
retrieve the long-range time-varying features from the videos.

In this paper, we propose a two-stream CNN model for identifying actions in videos built on
a two-stream network model. The proposed architecture is inspired from a two-stream idea [5],
a two-stream model with the similar two-stream structures for human action recognition in videos.
Specifically, the RGB image is the input to the spatial stream. Furthermore, the stack of consecutive
optical flow images is the input to the temporal stream. Each stream is implemented while using
identical two-stream, and the final results of both streams are combined with the late fusion technique.
The other methods proposed in [5–11], by researchers utilized similar network models for two streams
for human action recognition in videos. However, in human visual cortex systems, recognizing an
object and its action are entirely two different processes. Inspired by the human visual cortex process,
we proposed similar two-stream CNN architecture for action recognition in videos. Because of the
variable length of videos, we attempt to add a video segmentation technique [6], to retrieve the
long term temporal features. The proposed model of two-stream convolutional network is shown in
Figure 1. Data augmentation and advanced cross-modal pretraining are employed because of the small
size of datasets and to avoid labeled noise. The first step in our model is segmenting video in three
parts. In the next step, the three snippets are randomly sampled and fed into the proposed two-stream
network. Subsequently, the final category score is captured at the end of each stream of the network
and fused for the final video level prediction.

With experimental results of our proposed model using the two most popular action recognition
datasets, HMDB-51, and UCF-101, the contribution to this papers is three-fold. First, two-stream with
multiple networks produces better performance than the two-stream with similar network models.
In our experimentation, we found that ResNets and Inception-V2 produced better feature extraction
and performance than other network models. Second, data augmentation and advanced cross-modal
pre-training techniques are employed because of existing small datasets and noisy labels. Finally,
the segment based temporal modeling technique for long-term temporal information better captures
long-range information.

Figure 1. Distinct Two-Stream Convolutional Networks for Human Action Recognition in Videos while
using Segment-Based Temporal Modeling.
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2. Related Works

Recently, deep CNNs attained tremendous success in image recognition. Driven with the success
of CNNs in image recognition, computer vision researchers transferred to videos. Action recognition in
videos in deep learning is categorised into three categories that are based on the network architectures
(1) Space-time networks. (2) Hybrid networks. (3) Two-stream networks.

2.1. Space-Time Networks

Space-time networks are the two-dimensional convolution networks with an additional
convolution operation for temporal information. Ji et al. [12] presented a model that is one of the
seminal works, recognizes actions in videos applying convolution neural networks. Ji et al. [12]
extract spatial and temporal information by applying three-dimensional convolutions on adjacent
frames. The networks repeat the same three-dimensional (3D) convolutions and sampling. Finally,
a 128-dimensional feature vector is generated and it is used for action classification.

The 3D CNN in [12] was later extended to three-dimensional convolution networks [4], a deep
network architecture trained on large scale datasets. The three-dimensional convolution networks
contain five convolution layers, five max-pooling layers, two fully connected layers, and a softmax
loss function layers. Even though information of the two streams is considered in training, the overall
cost of computing and model storage is remarkably high. Liu et al. [13] proposed SSNET, stack of
convolutional layers are added to temporal data and showed the best performance on skeleton
data. Diba et al. [14] presented a three-dimensional temporal architecture, a new temporal layer
called “Temporal Transition Layer” applied in the 3D DenseNet-based network. This method ignored
the temporal information and only evaluated the RGB frames. Qui et al. [15], proposed Pseudo-3D
Residual Network, (3*3*3) convolution filters are replaced with (1*3*3) in the spatial stream and (3*1*1)
convolution filters in the temporal stream. (3*1*1) convolution filter is used in order to extract spatial
information, and (1*3*3) is used to retrieve temporal features. When compared to the 3D convolution
networks, this architecture is successful in terms of performance in video action recognition.

2.2. Hybrid Networks

Hybrid networks work on the principle of aggregating temporal information [16,17].
The aggregation of temporal information is done by adding the recurrent layers on the top layers of
CNN’s. These networks take advantage of both CNNs and LSTMs, and shows the positive results
in capturing the spatial information, temporal information, and long-range dependencies [8,18–20].
Wang et al. [16], presented Long-term Recurrent Convolution Network (LRCN), in which frames
were processed with CNN, and the output of CNN is fed into a stack of LSTMs. Veeriah et al. [21],
designed a different gating for LSTM, called differential Recurrent Neural Network (dRNN).
This method is good at learning significant spatio-temporal structures. Ng et al. [17] proposed two
methods that can handle full-length videos. Two methods aggregates frame-level outputs of CNN to
video level prediction. They discussed six different methods that showed, adding of LSTM layers after
CNN outperforms temporal pooling information. Wu et al. [22] presented a hybrid network that uses
both CNN and LSTM. They first extract spatial, temporal features with CNN and later fed as input
to LSTM network for long term temporal features. However, because of the additional parameter of
LSTM, LSTM has not shown the acceleration in performance in action recognition in videos.

2.3. Two-Stream Networks

Two stream networks use two CNNs for spatial and temporal information in videos.
Simonyan et al. [5], presented a two-stream architecture for action recognition in videos. In this
architecture, RGB images are fed into a spatial stream, optical flow frames are fed into temporal
stream. Finally, softmax scores are obtained by fusing outputs of two-stream outputs. Wang et al. [8]
presented Trajectory-pooled Deep-convolution Descriptor and integrated trajectory features and deep
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network learned features. This method shows superior performance by combining deep networks and
shallow local features. Feichtenhofer et al. [9] proposed a new spatiotemporal architecture and explored
various fusing schemes. They found fusing network spatially at last convolution layers boosts accuracy.
Wang et al. [6] introduced Temporal Segment Networks, in which they improved the performance by
training on the whole video by modeling long-range temporal structure. Yunbo et al. [11] introduced
an end-to-end learning neural network, which combinedly performs pixel level action recognition
and segmentation. They solved the action recognition by two-stream network along with temporal
aggregation. Christoph et al. [7], designed a spatio-temporal ResNet, which allows the learning of the
spatio-temporal feature by connecting static and optical flow channel streams, which increases the
interactions between both streams.

3. Technical Approach

In this section, we provide a comprehensive overview of our proposed network architecture
for action recognition in videos. First, we discuss the proposed distinct two-stream convolutional
networks for human action recognition in videos. Subsequently, ResNet and Inception-V2 used as
CNN model for spatial stream and temporal stream are discussed. After that, Temporal segmentation
Network is introduced to capture the long-range temporal features. Finally, optimizing the network
training strategies are presented.

3.1. Distinct Two-Stream Convolution Networks

Video is a collection of spatial and temporal information. The human visual cortex system that is
mentioned in [23] processes information with two streams called spatial stream and temporal stream.
Information is static image appearance in spatial stream; it only depicts scenes and objects. In the
temporal stream, information is the movement of objects between consecutive frames, conveys the
orientation of camera and objects. Inspired from [5,23], designed a two-stream CNN to retrieve the
spatial and temporal features with two similar CNN models from videos. For spatial information,
RGB frames are used. For temporal information, dense optical flow frames are used in order to extract
the motion of objects across the video. Each of these streams is processed identical and independent
deep convolutional neural network models. Specifically, the RGB image is fed to the spatial stream
CNN. For temporal stream, stack of optical flow images are fed as input. Optical flow images are
a combination of horizontal and vertical convoluted images. The number of optical flow images
(L) is set to ten. Because the optical flow images consist of both horizontal and vertical convoluted
images, the total number of flow images is set to 2L = 20 [5]. Finally, spatial and temporal streams
are individually trained end-to-end, and the output of two streams are combined to get the final
classification decision. Averaging and SVM are two fusing methods used in [5], in order to fuse scores
of two streams.

In this subsection, we present our distinct two-stream CNN for action recognition based on the
architecture presented in [5]. In this network architecture, the spatial and temporal streams are trained
with different CNN models, as shown in Figure 2. The reasons for modeling our proposed architecture
is, when two-streams with similar CNNs are trained and fused together, generates a large number
of redundant features. Because optical flow frames are horizontal and vertical components that are
derived from the RGB image, and when trained with a similar CNN generates redundant features.
The second reason is, in human action recognition, object recognition and motion recognition are two
different processes. Similarly, here. two-stream action recognition can be trained with two different
CNN models. With many experiments, we observed that the performance of distinct two-stream action
recognition is better than the two-stream model with similar CNNs.
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Figure 2. Distinct Two-Stream Convolutional Network.

3.2. Base Networks

In the above section, we discussed a two-stream spatio-temporal action network. A good action
recognition model will retrieve more discrete spatial and temporal features. Previous studies [24,25]
have shown that deeper CNN models can extract discrete features. In [25], the features of hidden layers
and its mechanism of the CNN model were visualized. Moreover, when compared to the different
CNN models with different depths and going deeper layer, the CNN model is better in extracting
discriminant features, which can increase the prediction rate of the model. Another set of recent
studies [26,27], showed that with the increase in network depth can learn more features in lengthy
videos. Residual Networks (ResNet) in [24,28], addressed the issue of degradation [29], which is caused
by deep layers of the CNNs. ResNets and Inception-V2 are the underlying networks in our models.
ResNet is used to retrieve spatial and temporal features and Inception-V2 is utilized to increase the
performance of model. We introduce two models ResNet and Inception-V2, in order to investigate
them further and explore the potential of the distinct two-stream CNN.

3.2.1. Residual Network

ResNet is used as one of the CNN models in our proposed network. The primary reason to use
ResNet with deep layers is that it extracts discriminant features from frames. Network degradation
arises as to the number of layers increases. To solve this issue, He et al. [24] presented a deep ResNet.
Instead of the original underlying fitting function, they use a trained residual network by residual
unit is

xi+1 = σ (xi + F (xi; Wi)) (1)

where xi and xi+1 are the input and output of the ith layer of the network. F (xi; Wi) is non-linear
residual mapping of the weight of CNN filters Wl =

{
Wl,k

∣∣
1<k<K

}
, and sigma is the ReLU

function [30]. The benefit of using the residual block is that it acts as the shortcut connection that
connects the first layer to any layer in the network, which breaks the conventional form of connecting
one layer to the next layer. With this, the gradient loss may skip some layers and pass from the loss
layer to any layer that it is connected, and this will avoid the gradient explosion problem. This shortcut
connection does not increase the computational cost and an increase in the number of parameters.
In ResNet, after every convolution operation and before the activation layer, batch normalization
(BN) [31], is performed. This will solve the covariate shift problem and, also, the convergence of
the network will be fast [24]. Finally, the global average pooling and softmax layer are employed
combinedly in the place of a single fully connected layer. This effectively decreases the number of
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parameters. Besides, the bottleneck structure will decrease the computational overhead, and the
network efficiency is guaranteed.

3.2.2. Inception-V2

Inception-V2 [31] is used as another CNN model in our proposed network. Inception-V2 is the
module used in order to reduce the CNN complexity. This CNN model is the advanced version of the
GoogleLeNet [26], which solves the saturation and vanishing gradient problem. The distribution of
X is to be unchanged, because even a minor change will be change the value of X when the network
goes deep. A higher learning rate can be used for faster optimization. The primary concept of the
Inception-V2 is the replacement of 5*5 convolution with two 3*3 convolutions. This replacement
of convolution will not only decrease the parameter number, but also increase more non-linear
transformations, enhances the model to learn more features. Other advantages of adding the batch
normalization reduce the internal covariate shift by normalizing the output of each layer to N(0,1).

In original two-stream CNN for video action recognition [5], VGG-M-2048 [32], is used to train the
model, and both of the streams use the same network structure. Feichtenhofer et al. [9], improved the
performance using VGG-16 [25] instead of VGG-M-2048. ResNet and Inception-V2 are used as the
CNN models in our proposed architecture. ResNets with an increase in the number of layers can
extract more features [24]. Furthermore, Inception-V2, with an increase in the network depth and
width, can improve performance [31]. Looking at the benefits of the ResNet and Inception-V2, we used
these as base models in our two-stream architecture. ResNet has less computational complexity
and filters when compared to the VGG-M-2048. In terms of computational complexity, VGG-16 uses
15.3 B FLOPs and VGG-19 uses 19.6 B FLOPs, whereas ResNet-152 only uses 11.3 B FLOPs. Similarly,
the computational complexity of ResNet-50 is 3.8 B FLOPs and ResNet-101 is 7.6 B FLOPs. Finally,
the total number of parameters of both streams are 182 M in our model.

3.3. Segment-Based Temporal Modeling

Problem with the original two-stream CNN [5] architecture is its inability to maintain temporal
information in deep CNN networks. The cause for this problem is, it only works on one frame in the
spatial stream or a stack of optical flow frames for the temporal stream. Therefore, the network is
unable to retrieve long-range temporal information effectively. Segment based long-range temporal
information plays an important role in finding action recognition in videos. For example [22,33],
in some complex video actions, comprises multiple stages are required in order to classify the action
and subject. And, action is important from the beginning to the final point of the video (basketball dunk
and shooting similar for some short time, so start to the endpoint to be considered to classify correct
action). Therefore, there may be misclassification of action if a video is considered only for some part
of the time, which leads to unsatisfied performance. To improve the performance, we implement the
long-range temporal model proposed in [6] to extract long-term temporal information in our proposed
distinct two-stream convolutional networks for human action recognition in videos.

In order to model the long-range segment based temporal modeling [6], we divided the video
into K segments (K = 3) in equal duration, expressed as {S1, S2, S3}. For short snippets, modeling is
done while using,

TSN
(
T1, T2, · · · , Tj

)
= H

(
G
(
F (T1; W) ,F (T2; W) , · · · ,F

(
Tj; W

)))
(2)

where F (T1; W) represents Convolutional function with parameters, G represents an averaging
function, H represents softmax function. Subsequently, we sample each segment (Sj) into short snippets
{T1, T2, T3}. These short snippets are fed as an input to the proposed two-stream architecture to get
an initial action classification score. Afterwards, this score is fused with average function to obtain
a final decision among snippets. Based on this consensus, the final prediction scores are calculated
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while using the widely used softmax function. Additionally, the final loss function of segmental
consensus is calculated while using the equation,

L(y, G) = −
C

∑
i=1

yi

(
Gi − log

C

∑
j=1

exp Gj

)
(3)

where ’n’ is the total number of the acting categories, yi is the ground-truth label, G is classification
score of i. The value of G is average result of the short snippets of same categories. For the proposed
architecture, all segmental frames are utilized together to optimize the network parameter W. In the
backpropagation, the gradient of W to the loss value L can be derived as,

∂L(y, G)

∂W
=

∂L
∂G

K

∑
k=1

∂G
∂F (Tk)

∂F (Tk)

∂W
(4)

Subsequently, we use stochastic gradient descent (SGD) to train the model parameters. As in
Equation (4), guarantees that the model parameters are updated using the segmental consensus
category G for three short snippets. Thus, with this optimization technique, long-range segment
based temporal information is preserved, and model parameters are learned from the entire video.
Aggregation function (G) is the main concept in segment-based temporal modeling. The averaging
function is an aggregation function used to predict by averaging final results at the snippet level for
every class with gi =

1
N ∑N

n=1 f n
i . Final result of this function, gi with respect to f k

i is,

∂gi
∂ f n

i
=

1
N

(5)

4. Network Training Strategies

4.1. Data Augmentation

Data augmentation is used in our model in order to create manifold training samples.
Data augmentation strategies are used when there are fewer training samples to avoid overfitting
problems. In our proposed model, horizontal flipping, random cropping, and scale-jittering [27] are
employed to augment the training data. In corner cropping, the extracted regions are only selected
from the corner or center of the image to avoid focus of the information only on the center of the image.
We use the multi-scale jittering technique [34], which is applied in ImageNet classification. We set the
input size of the image or optical flow field to 256 × 340. Height and width of cropped region are
selected randomly from {256,224,192,168} and resized to 224 × 224 for model training.

4.2. Advanced Cross-Modal Pre-Training

Pre-training is a great way to initialize the deep convolution neural network model when the
dataset size is small, i.e., when the training samples are less [5]. Input to the Spatial stream network
is RGB images, so a pre-trained model can be used, such as ImageNet [30], in order to set the
initial weights of CNN. However, the input to the temporal stream network is optical flow frames,
and, Optical flow frames and RGB difference contain the distinct features of video, and their data
distribution is not the same as RGB images. Therefore, it is not possible to use pre-trained networks for
temporal stream networks. Accordingly, we propose an advanced cross-modal pre-training technique.
First, we apply the linear transformation operation [6] on optical flow frames to get the values in
an interval of [0, 255]. Now, the values of optical flow frames will be in the same range of RGB images.
Then, the first layers of CNN weights of RGB models are modified to fit the weights of the optical
flow fields (because the RGB image has three channels and temporal stream input has 10 inputs,
including horizontal and vertical images, we average the weight of the three channels weights of RGB



Data 2020, 5, 104 8 of 12

to replicate the channel number of temporal network input (output kernel size = (64,10,7,7))). We do
this process from scratch, and then we replace the values of the first layer of CNN model with the
values of same layers of the RGB pre-trained model.

5. Experiments

In this section, we discuss the implementation details of proposed architecture and the datasets.
Subsequently, we evaluate the performance of two-stream networks with similar and distinct network
architectures. Afterwards, the performance of the proposed advance cross-modal pre-training is
presented. Finally, we present the experimental results and analysis in the last section.

5.1. Datasets and Implementation Detials

We perform experiments on large-scale action recognition datasets, namely UCF101 [35] and
HMDB51 [36]. The UCF101 dataset consists of 101 action classes with 13,320 videos in total. Each video
consists of an average of 100–300 frames with a duration of 3–10 s. The HMDB51 dataset consists of
video clips from different online sources, such as YouTube and Google. The dataset consists of 51 action
categories with 6766 videos in total. We evaluate the proposed two-stream architecture by following
the standard evaluation scheme while using three training and testing splits of the UCF-101 dataset.
Affitionally, the results compared with state-of-art methods. The evaluation of average accuracy is
made on three splits of UCF-101 and HMDB-51.

The mini-batch gradient descent method is implemented to train the network parameters.
We initialize the network parameters with pre-training models from ImageNet [30]. We initialize
the values of batch size, weight decay, and momentum to 256, 0.0005, and 0.9, respectively. Initially,
both stream’s learning rate is initialized to 10−4. When training the spatial stream network learning
rate is decreased to 10−1 for every 15 K iterations and the entire network training halts at 36 K
iterations. Similarly, when training the temporal stream network, the learning rate is decreased to 1/10
at 20 K and 32 K iterations and the entire network training halts at 40 K iterations. TVL1 optical flow
algorithm [37] is used to extract optical flow frames from videos. To speed-up the training process,
we apply data-parallelization with multiple GPUs on the Caffe platform [38] and related code is
released on GitHub (https://github.com/ashoksarabu/Distinct-Two-Stream).

5.2. Testing

We evaluate our proposed model with the parameters of the original two-stream convolution
network [5]. We sample a fixed number of RGB images or optical flow stacks (25 in our experiment)
with an equal interval of times between them. For each of the frames, we crop four corners, one center,
and horizontal flipping to evaluate the CNNs. We use weighted averaging to fuse two stream’s results.
When the network is trained, the performance gap between two streams is smaller than the original
two-stream convolution network [5]. Because of this small gap, we initialize the weights of spatial
stream to 1 and temporal stream to 1.5.

5.3. Exploration Study

In this section, we examine and evaluate the efficiency of the proposed network with the
two-stream identical networks. We propose an improved cross-modal pre-training approach in
Section 3 is evaluated in the experiments and its effectiveness of the proposed network model.

The experimental tests are performed on the proposed CNN architecture using the same CNN
model with different depths, and with different CNN models. Inception-V2 [31] and ResNet with
different depths are used to evaluate and test the model. ResNet-50, ResNet-101, and ResNet-152 [24]
are ResNets with different depths used as CNN for both streams. The experimental results of the
proposed model are evaluated and compared in Table 1. The comparisons of experimental results
are made based on 1. Two streams with the identical CNN model, 2. Two streams with non-identical
network models and depths. From Table 1, we found out that ResNet-101 performed better for spatial

https://github.com/ashoksarabu/Distinct-Two-Stream
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stream network. When compared to the two streams CNN with similar networks, two-stream CNNs
with different networks performed better.

Table 1. Performance of Distincttwo-stream Convolutional Network on UCF-101.

Network Architectures for Two-Streams Spatial Temporal Two-Stream

Spatial_ResNet-101 + Temporal_ResNet-50 84.1% 85.3% 94.3%
Spatial_ResNet-152 + Temporal_ResNet-50 86.2% 85.3% 94.3%

Spatial_ResNet-101 + Temporal_Inception-V2 84.1% 88.8% 95.0%

Moreover, similar networks with different depths performed well as compared to similar networks
with similar depths. ResNet-50 performed better for the temporal stream and ResNet-101 for the
spatial stream network. We achieved the best performance with an accuracy of 95.00 percent when
ResNet-101 is used as the spatial stream network model, and Inception-V2 is used as the temporal
stream network model.

We evaluate the experiments with ResNet-50 and Inception-V2 models to verify the efficiency of
advanced cross-modal pre-training technique discussed in the previous section, as mentioned above.
Specifically, three case-studies are used. First, training the temporal stream network from scratch.
Second, training the temporal stream network with the technique proposed in [6]. Third, training the
temporal stream network with our proposed method. The experimental results of the three case studies
mentioned earlier are performed on UCF-101 dataset and tabulated in Table 2. From the results that
are tabulated in Table 2, we summarize that method used for pre-train the temporal stream network
and initializing a deep convolution network achieved great accuracy when compared to training from
scratch. Moreover, the proposed advanced cross-modal pre-trained has an increase of 0.3% with CNN
models ResNet-50 and Inception-V2 when compared to the method proposed in [6].

Table 2. Performance evaluation of temporal stream CNN on UCF-101dataset.

Training Strategy ResNet-50 Inception-V2

From scratch 78.5% 82.4%
Pre-Training [6] 84.1% 87.3%

Proposed - Advanced cross-modal pre-training 85.3% 88.8%

5.4. Comparison with State-of-the-Art

After investigating the different models for two-stream models for recognizing human action
in videos, we found the optimal accuracy. We evaluation of the proposed model are based on the
UCF-101 and HMDB-51 action recognition datasets on all splits and reported. The empirical results
are presented in Table 3. When compared to state-of-the-art results, our proposed architecture with
ResNet-101 for the spatial stream network and the Inception-V2 model for the temporal stream
network, has performed better. Compared to the original two-stream convolution neural network [5]
and ST-ResNet model [7], the accuracy for the UCF-101 dataset has been improved by 7.10% and
1.7%. Similarly, for the HMDB-51 dataset, compared to the original two-stream convolution neural
network [5] and the ST-ResNet model [7], we got optimal accuracy has been increased by 8.5% and
1.5%, respectively. From the experimental findings, we conclude that effectiveness of our distinct
two-stream convolutional network for human action recognition in videos based on segment based
temporal modeling. Furthermore, spatiotemporal heterogenous network accuracy has been improved
compared to the two-stream action recognition methods with similar network models.
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Table 3. Comparison of our proposed method distinct two-stream convolutional network with
state-of-art methods on UCF-101 andHMDB-51 datasets.

Methodology UCF-101 HMDB-51

Two-stream network [5] 88.0% 59.4%
Two-stream network fusion [9] 92.5% 65.4%
Spatio-Temporal 3D CNNs [4] 85.2% –

Factorized Spatio-Temporal CNNs [36] 88.1% 59.1%
Pseudo-3D residual networks [14] 93.7% –
Temporal Segment Networks [6] 94.0% 68.5%

Temporal 3D CNNs [13] 93.2% 63.5%
SpatioTemporal residual networks [7] 93.4% 66.4%
(Proposed) Distinct two-stream CNN 95.0% 67.9%

6. Conclusions

In this paper, we presented a distinct two-stream convolutional networks for recognizing
human action in videos using segment based temporal modeling. Human action recognition is two
individual processes, which is, two different independent streams processes appearance and motion.
Inspired by this, we attempted to experiment with the two-stream convolution neural network with
two different network models for two streams. Additionally, we achieved the best performance when
compared to existing two-stream networks. With all the experiments, it is found that the distinct
two-stream convolution networks for recognizing action in videos perform better than two-stream
convolution networks with similar network models. In our experiments, we found that ResNet-101
and Inception-V2 models, when employed as network models for a two-stream network with segment
based temporal modeling, yield the best performance. Finally, data augment techniques and advanced
cross-modal pretraining are applied in order to increase the performance.
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