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Abstract

Automatic identification and classification of human actions is one the important and
challenging tasks in the field of computer vision that has appealed many researchers
since last two decays. It has wide range of applications such as security and surveillance,
sports analysis, video analysis, human computer interaction, health care, autonomous
vehicles and robotic. In this paper we developed and trained a VGG19 based CNN-RNN
deep learning model using transfer learning for classification or prediction of actions
and its performance is evaluated on two public actions datasets; KTH and UCF11. The
models achieved significant accuracy on these datasets that are equal to 90% and 88% re-
spectively on KTH and UCF11 which beats some of the accuracy achieved by handcrafted
feature based and deep learning based methods on these datasets.
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classes. Unlike, the human's ability to predict and
recognize actions, the training of deep learning model

Action recognition refers to the process of automat-
ically detecting and classifying the actions based on
visual data in the form of videos or images. The main
goal is to train computers so that computers can
understand and interpret the human actions and
behaviors in videos. Human actions in videos can be
predicted or classified successfully with higher accu-
racy by using deep learning models that have been
trained on a dataset which contains several action

(ec) T

for classification of actions is difficult and challenging
due to various factors such as temporal variability,
viewpoint and scale variations, background clutter,
data variability, large scale datasets, fine-grained ac-
tions, action context, multi-person scenarios, real time
processing and long term dependencies. Moreover,
classifying human actions is one of important and
fundamental tasks in the field of computer vision with
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numerous real world applications such as security
and surveillance [1], sports analysis [2], video analysis
[31, human computer interaction [4], health care
[5], autonomous vehicles [6] and robotics [7]. These
applications are the core motivations for this research.

The conventional machine learning based methods
depend on manually engineering features, whereas
the deep learning models automatically learn hierar-
chical representations of features directly from raw
data which enables better performance in captur-
ing complex patterns and relationships in the data.
Various deep learning models have been developed,
trained and used by the researchers in literature
for the classification or prediction of action videos.
The earliest and simplest approach uses Convolution
Neural Network (CNN)[8] for the classification of
action videos.Using this approach, the action video
is classified on frame by frame basis i.e. a video is
firstly converted into video frames and then each
video frame is predicted by CNN model individually.
The frame level predictions are then merged by
average or max pooling to make a prediction of a
video.This technique of classifying of videos frame
by frame is conceptually straightforward, computa-
tionally efficient, flexible, easy to implement, and we
can get reasonable classification results; however,
this technique does not intrinsically capture tem-
poral dependencies between frames which make it
difficult to classify the actions that heavily depend
on sequence and timing of frames.Therefore most
of the techniques for classifying or predicting ac-
tions in videos use special kind of Recurrent Neural
Network (RNN)[9] network called Long Short-term
Memory (LSTM)[10] network to model the long-term
dependencies between the video frames.

In technique [11] for human action recognition,a
pre-trained CNN model is used that extracts the fea-
tures from the action dataset followed by SVM-KNN
hybrid classifier for classification of actions. This study
proved that the features learnt by CNN based on a
large scale dataset are successfully transferable for
a new task such as action recognition with a small
training dataset. The authors assessed their proposed
technique on two renowned public action KTH and

UCF sports datasets and their results showed signifi-
cant improvements in terms of accuracy as compared
to handcrafted feature based methods.

In order to achieve higher prediction accuracy, a
deep learning model known as CNN-RNN model, not
only learns visual information in video frames but
also it incorporates temporal information between
video frames. This model can achieve much better
prediction results as compared to CNN model due
to its capability to learn motion information between
consecutive video frames.The CNN-RNN model can
also be used as single CNN-RNN model that com-
bines both CNN and RNN networks within a single
architecture.In work [12], CNN-LSTM deep learning
architecture is proposed for action recognition. A
VGG16 pre-trained based CNN model is firstly trained
for extracting the spatial features from input video.
Then a LSTM model is trained for classification of
input video into a particular class. The performance
of this model is evaluated on three public KTH, UCF-11
& HMDB-51 datasets and achieved accuracy equal to
93%, 91% and 47% respectively on these datasets.

In some recent deep learning based approaches
[13], [14], [15], [16], the authors have used complex
networks such as Conv3D, ConvLSTM and two-stream
networks and attention mechanism in their networks
for enhancing performance of action recognition
tasks. These networks incorporate temporal and
other modalities such as optical flow between succes-
sive video frames for motion information.The 3D-CNN
model for classification of actions was first presented
by Tran et al. [17]. The 3D-CNNs are the extension
of 2D-CNNs to directly process spatio-temporal data.
These networks use 3D convolutions instead 2D
convolutions for capturing both spatial and informa-
tion simultaneously.T. Wang et al. [18] developed a
3DCNN-ConvLSTM deep learning model by modifying
CNN-RNN model for classification of human actions.
In this work, they used 3D-CNN as a part of CNN for
capturing spatial features and ConvLSTM as a part of
RNN for temporal features. The performance of this
model is assessed on two bench mark datasets and
achieved significant accuracy that are equal to 94.8%
and 91.2% respectively on KTH and UCF11 datasets.
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Figure 1. Proposed Methodology

Several kinds of two-stream CNNs [19], [20], [21]
are also proposed and developed by the researchers
for enhancing the classification accuracy of action
recognition systems. A two stream network uses two
stream CNNSs; one for visual information and other for
temporal information. The outputs from these two
streams are then merged to make a final prediction.
Chakraborty and Mukhopadhyay [22] developed a
novel unsupervised heterogeneous recurrent spiking
neural (HRSNN) model for the classification of human
actions. The performance of this model is evaluated
on three public benchmark UCF101, UCF11 KTH
action datasets and one event-based DVS128 Gesture
dataset and achieved 77.53%, 79.58% and 94.32%
accuracy respectively on UCF11, UCF101 and KTH

datasets and 96.54% accuracy on even-based DVS
Gesture dataset.

In these days deep learning based methods are
used for action classification tasks. The CNN-RNN
model outclass in capturing spatial and temporal
information from video data which enables accurate
action recognition. The use of transfer learning by
utilization of pre-trained models not only reduces data
requirements as well as it improves generalization
and can achieve faster training convergence. Some
complex networks such as 3D CNNs, ConvLSTM and
attention based models are also used for enhancing
classification performance. The active research is
conducted on addressing challenges such as dataset
variability and real time processing that aim to further
improve the robustness and efficacy of deep learning
methods in action recognition. In this paper, CNN &
CNN-RNN deep learning models are developed based
on VGG19 [23] pre-trained network using transfer
learning. It is a commonly used method for classifica-
tion and detection tasks [24], [25]. Transfer learning
is a technique that allows us to transfer and apply
the knowledge gained from one task to another task.
The main reason behind using transfer learning is the
fact that pre-trained networks are trained on large
datasets such as ImageNet [26]. The learned general
features by these pre-trained networks are mostly rel-
evant to many tasks, so instead training a CNN model
from scratch we can take the advantage of using trans-
fer learning which not only speeds up the training
process as well as it reduces computational resources
needed for training and improves performance and
accuracy [27].Some of most popular pre-trained CNNs
exists that are used for transferring knowledge into
your own model includes VGG19 [23],ResNet [28],
MobileNet [29], GoogleNet [30], Xception [31] and
Inception V3 [32]. The main contributions in this paper
are summarized as follows:

* CNN-RNN deep learning architecture for classifi-
cation of actions is described in detail.

* Developed, trained and evaluated the perfor-
mance of VGG19 based CNN-RNN deep learning
models on KTH and UCF11 datasets.

* Compared the performance of developed mod-
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els with other works.

2 Proposed Methodology

In this paper, we use CNN-RNN architecture for clas-
sification of actions.This architecture for classification
of actions uses two separately trained CNN & RNN
models as shown in Figure 1. The CNN model is used
for extraction of spatial features from individual video
frames and RNN model is used to capture the tempo-
ral dependencies between these frame-level spatial
features. This section describes the methodology
used for creation of dataset, development of CNN
RNN models and assessment of CNN-RNN model.

2.1 Preparation of KTH & UCF11 datasets

The dataset is split into training and testing sets. The
training dataset is used to train a model. The part of
training dataset called validation set which is used to
tune the hyper-parameters and monitor the perfor-
mance of model during training. The performance
of the model is evaluated on the testing dataset to
assess its generalization ability to unseen data. In
this paper, we trained and assessed the performance
of CNN-RNN architecture on two benchmark actions
datasets; i.e. UCF11 & KTH. We randomly split UCF11
dataset by considering a ratio of 80% and 20% respec-
tively for train and test sets based on description [33]
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s B B 3
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so that these sets contain videos of different groups.
Moreover, 20% of train set is used for validation
during training. Similarly, we split KTH dataset into
train, test and validation sets according to person-IDs
[34] which contain human action videos acted by 8, 8
and 9 different persons respectively. These dataset
splits are shown in Figure 2. After splitting KTH and
UCF11 datasets into train, test and validation video
sets, we obtain frame datasets of these video sets
by extraction of frames. We extracted 10 frames at
regular intervals for each video in these video sets.
The frame datasets are used for training CNN models.

2.2 Training CNN Model

The CNN model is developed by utilizing VGG19 pre-
trained network using transfer learning for extraction
of frame level features. The model structure is shown
in Figure 3. This pre-trained based CNN model is usu-
ally created by firstly selecting a pre-trained network
as the base model. Then custom layers (i.e. a new clas-
sifier) on top of this base model are added to adopt
it for your own task. The model is trained on training
dataset of videos frames to learn the spatial features.
This training set of video frames is obtained by convert-
ing each of the videos in each of classes of the training
video dataset in to video frames. When framing each
video of training set, we can set the value of k where k
is the number of frames in video. On the basis of k, the
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model_7_input | input: | [(None, 224, 224, 3)]
InputLayer output: | [(None, 224, 224, 3)]
model 7 | input: | (None, 224, 224, 3)
Functional | outpue: | (None, 7, 7, 512)
batch_normalization_12 | input: | (Nonw, 7, 7, 512)
BatchNormalization | output: | (Nowe, 7, 7, 512)
dropout_12 | input: | (None, 7, 7, 512)
Dropout | output: | (None, 7, 7, 512)
global_average pooling2d 5 | input: | (None, 7, 7, 512)
GlobalAveragePooling2D oufput: (Nooe, 512)
dense_10 | input: | (Nooe, 512)
Dense | output: | (Nooe, 1024)
batch_nommalization 13 | input: | (None, 1024)
BatchNormalization output: | (None, 1024)
r
dropout_13 | input: | (None, 1024)
Dropout | owtput: | (None, 1024)
y
dense_11 | input: | (None, 1024)
Dense | output (None, 11)
(a) CNN

Figure 3. Model Structures

uniform gap between frames i.e. h is to be calculated
and k frames with a gap of h will be extracted for each
video.

2.3 Training RNN Model

We develop RNN model based on asingle LSTM layer, a
dense and a dropout layer. The structure of this model
is shown in Figure 3. The RNN model isthen developed
by training RNN network on sequences of n (where n
is number of frames in video) spatial features to learn
the temporal features between video frames. Each of
these sequences is obtained by firstly converting video
into n frames and passed to CNN model to extract spa-
tial features. These spatial features are then combined
to create a sequence of n features. In thisway T (where

Istm_3_input | input: | [(None, None, 1024)]
InputLayer | output: | [(None, None, 1024)]
Istm_3 | input: | (None, None, 1024)

LSTM | output: (None, 128)
dropout_3 | input: | (None, 128)
Dropout | output: | (None, 128)
dense_3 | input: | (None, 128)
Dense | output: | (None, 11)
(b) RNN

T is total number of sequences) such sequences of n
spatial features are created for training RNN model.

2.4 Testing and Evaluation of CNN-RNN

Model
The performance of CNN-RNN deep learning model
is assessed on several performance metrics such as
accuracy, precision, recall and F1-score values and
PR ROC plots. The performance of CNN-RNN model
can further be improved by identifying key frames
instead extracting k frames with a gap of h in videos.
The extraction of key frames removes the redundancy
between successive videos frames particular when
training the CNN model and improves the prediction
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accuracy. The proposed methodology for classifica-
tion of action videos using CNN-RNN deep learning
architecture is presented in Figure 4. An input video
using this deep learning architecture is classified by
firstly converting a video into in to k frames or key
frames. Each frame is then individually fed through
CNN model to obtain a feature vector that encodes
spatial information. Finally sequence of these feature
vectors is generated and directed to the RNN model
to classify or predict a video.

2.5 Hyperparameter Tuning

We experiment several hyperparameters such as
batch size, learning rate, dropout and the specific
parameters related to CNN and RNN architectures to
optimize the performance of CNN-RNN model. The
hyperparameter values where the model achieves
the optimal performance are selected and are used
for training CNN and RNN models.We conducted
experiments in python language usingGoogle Colab
platform which provides us free GPU for training mod-
els. We use Adam optimization with default learning
rate, a batch size of 32, a dropout equal to 0.2 and 50
epochs for training CNN model and 200 epochs for
training RNN model.

3 Results and Discussions

This section presents experiments results of CNN-RNN
model on KTH and UCF11 datasets. We use various
performance metrics such as accuracy, confusion &
normalized confusion matrices, precision, recall and
F1score and Precision-Recall & Roc Curves to assess
the performance of CNN-RNN model.

3.1 Training Graphs

Various benchmark datasets such as UCF101, HMDB-
51 and YouTube-8M, were used to evaluate the
performance of CNN-RNN model. The reported ac-
curacy is achieved on these benchmark datasets can
vary depending on factors such as model architec-
ture, training procedure, hyper-parameters, and the
complexity of the dataset. The model accuracy and
loss of CNN-RNN model on KTH & UCF11 datasets are
described by learning curves shown in Figure 5 and
Figure 6. These curves show how well a deep learning
model is learning from data and help us to identify
under fitting and over fitting issues. From Figure 5 and
6, it can be seen that the CNN-RNN models achieved
100% training accuracy which means that the models
have successfully learned the all training data and can
make predictions perfectly on training data. However
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there may a chance of over fitting of data. The CNN-
RNN model achieved near 90% validation accuracy on
KTH dataset and 95% validation accuracy on UCF11
dataset.

3.2 Confusion and Normalized

Confusion Matrices
The performance of CNN-RNN model on test sets of
KTH and UCF11 datasets is described using confusion
and normalized confusion matrices as shown in Figure
7 and Figure 8. The confusion matrix allows us to see
the performance of a deep learning model in terms
of number of correctly and incorrectly classifying sam-

ples of each class while a normalized confusion matrix
provide a clear picture of how well a deep learning
model is performing for each class with regards to
class imbalances particularly for multi-classification
tasks. On KTH dataset as shown in Figure 7, the model
achieved more than 90% accuracy on each class ex-
ceptJogging for which 30% samples are miss-classified
as Running due to resemblance between these two
classes. The overall accuracy achieved on this dataset
by the model is around 90%. The accuracy achieved
on each class of UCF11 dataset by the CNN-RNN
model are shown in Figure 8. On this dataset the
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model achieved overall accuracy near to 88%. The
accuracy are significant and are achieved on these
dataset without using any optical flow between video
frames for motion information.

3.3 Classification Reports

The classification reports of KTH and UCF11 datasets
are shown in Figure. These reports shows the preci-
sion, recall and F1score values on each class and their
mean values. The precision shows the capability of a
model of finding correct samples, recall shows the ca-
pability of a model of finding true or positive samples
and F1score is weighted harmonic mean of precision
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and recall values. The model achieved 90% and 88%
F1scores respectively on KTH and UCF11 datasets.

3.4 PR &ROC Curves

We also measure the model's capability of making ac-
curate positive predictions and distinguishing between
the positive and negative classes of CNN-RNN model
on KTH & UCF11 datasets using PR and ROC plots as
shown in Figure 10 and Figure 11. A PR plot is usually
used when we are dealing with imbalanced datasets
and our emphasis is on positive class prediction, while
ROC plot is normally used for balanced datasets and
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our interest is trade-off between true positive rate and
false positive rate. From Figure 10 & Figure 11, it can
be seen that PR curves are closer to the top right cor-
ner and ROC curves are closer to the top left corner
and larger AUCvaluesin ROC curves indicate the better
performance of CNN-RNN model on KTH and UCF11
datasets.

3.5 Comparative Analysis of CNN-RNN
Architecture with Other Works on

UCF11 & KTH Datasets

Table 1, shows comparative analysis of presented work
in this paper and some other works by the researchers
on KTH and UCF11 datasets. We employed a simple
CNN-RNN model that does not use any modality for ad-
ditional motion information which can be trained with
limited GPU and memory resources. Using this deep
learning architecture, we achieved 90% and 88% ac-
curacies respectively on KTH and UCF11 datasets as
shown in Table 1.

4 Conclusions

In this paper, CNN-RNN deep learning architecture is
used for classification of action videos. The method-
ology for developing, training and classifying actions
using this architecture is described in detail and the
performance of this deep learning architecture is
evaluated on two benchmark KTH and UCF11 action
datasets. Substantial accuracy have been achieved
using CNN-RNN architecture on these two datasets
that beats some of the accuracy achieved by other
works on these datasets using handcrafted features
based and deep learning based methods. The overall
accuracy achieved by the model on KTH dataset is
not more than 90% because this dataset consists
of similar type of actions which makes difficult for a
model to predict or classify the actions in this class
with higher accuracy without having additional motion
information. In future our aim is to utilize complex
deep learning models and use optical flow informa-
tion between video frames for motion information
in-order to enhance the accuracy on these datasets.

Moreover, we aim to collect more data relevant to KTH
dataset and combine with KTH dataset for increasing
generalization ability and improving the classification
accuracy of the model.

Table 1. Comparison of the proposed model with the exist-
ing models for UCF1 & KTH Datasets

Authors Year UCF11(%) KTH (%)
(Grushin et al)[35] 2013 Item 3 90.70
(Figueiredo et. al) [36] 2014 59.50 87.70
Hasan et. al.) [37] 2014 54.50 90.00
(Maia et. al.)[38] 2015 64.00 91.50
(Figueiredo et al.) [39] 2016 65.80 91.40
(. Arunnehru et. al.) [40] 2018 — 94.90
(Orozco, et al.)[12] 2020 90.00 93.00
T.Wang et. al.) [18] 2021 91.20 94.80
(Chakraborty et al.) [22] 2023 79.58 94.32
In the paper — 88.00 90.00
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