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ABSTRACT

This work focuses on the problem of action recognition
in videos, We present the results of different architectures ap-
plied to video prediction problem along with a discussion of
advantages and performance of each. We also present the re-
sults of how these models perform in the web application for
real-time action recognition.

Index Terms— Action recognition, C3D, YOLO, UCF101
Stanford40

1. INTRODUCTION

The Internet and mobile device penetration in the general pub-
lic initiate the booming of multimedia. A popular social app
such as TikTok enables people to share videos in a click way,
resulting in an increasing number of videos being shared ev-
ery day. To use these video data for various purposes like
search, ranking, recommendation, etc, it is crucial to create
an efficient way to understand and analyze these video data.
[11] The input to the network depends on the model structure,
for the C3D model, the input is a sequence of 16 unique con-
secutive frames, for YOLO, the input is a single frame. The
output for both models is the prediction of the action label in
the targeted video. We study this problem by experimenting
2 most popular neural networks C3D and YOLO on UCF101
and Stanford40 for video recognition. We incorporated these
2 models into a web application using Flask framework and
find that YOLO achieves the best result for real-time human
action recognition.

2. RELATED WORK

Video-based human action recognition is to label the actions
of humans in videos with action types. Derived from the rapid
developments of the internet and machine learning, video-
based human action recognition is an active research topic
in the computer vision community for decades. It empowers
many real-world application[2]:

e Visual Surveillance [12], [17], [14]: With the input
of a monitoring system, visual surveillance employing
video-based human action recognition algorithms can
help capture a criminal on video.
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e Video Retrieval [19]: Analyzing human actions in
videos can be an alternative method to manage and
retrieve videos.

e Entertainment: The games based on human action
such as dance and sports games have attracted more and
more people.

The video-based human action recognition approaches
can be divided into two classes [4]: hand-designed features
with machine learning methods and end-to-end deep learning
algorithms.

Handcrafted features are designed to capture spatial and
temporal changes in video representing action. [15] suggests
spatio-temporal interest points (STIPs) for action recognition,
which extracts the key region of movement change from a
video to represent action. However, the STIP method is easily
affected by changes in camera view. Wang et al [18] proposed
improved Dense Trajectories (iDT), which used the tracking
path of key points or the joints in the human skeleton to rep-
resent actions.

With the recent development of deep learning algorithms
and the availability of powerful computing resources, many
deep learning-based human action recognition methods have
been proposed. [17] proposed a two-stream convolutional
network, which took the temporal information from the im-
age sequence optical flow and spatio information on frame
as input. Tran et al [11] suggested a simple, yet effective
approach for spatiotemporal feature learning using deep 3-
dimensional convolutional networks (3D ConvNets). Don-
ahue et al.[20] proposed long-term recurrent convolutional
networks to map variable-length video frames to variable-
length outputs rather than a simple action category. [16] sug-
gested the YOLO model, which framed object detection as a
regression problem to spatially separated bounding boxes and
associated class probabilities.

Among these approaches, we based our method on 3D
ConvNets [11] and YOLO [16]. The reminder of this paper
is organized as follows. In Section 3, we give the problem
statement and describe the models used: C3D and YOLO. In
section 4, we describe the UCF101 and Stanford40 dataset,
which are used for training C3D and YOLO model respec-
tively. In Section 5, we describe our design of experiments
and present corresponding results. In section 6, we provide
conclusions and outline ongoing work.
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Fig. 1. C3D architecture. C3D net has 8 convolution, 5 max-
pooling, and 2 fully connected layers, followed by a softmax
output layer. All 3D convolution kernels are 3 x 3 x 3 with
stride 1 in both spatial and temporal dimensions. Number
of filters are denoted in each box. The 3D pooling layers are
denoted from pool1 to pool5. All pooling kernels are 2x2x 2,
except for pooll is 1 x 2 x 2. Each fully connected layer has
4096 output units[11].
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Fig. 2. YOLO detection network has 24 convolutional lay-
ers followed by 2 fully connected layers. Alternating 1 x 1
convolutional layers reduce the features space from preceding
layers. We pretrain the convolutional layers on the ImageNet
classification task at half the resolution (224 x 224 input im-
age) and then double the resolution for detection [16].

3. METHODS

3.1. Problem Statement

In its simplest form, vision-based human action recognition
can be regarded as a combination of feature extraction, and
subsequent classification of these image representations.[1]
For video feature extraction, it can be divide into global fea-
tures and local features. global features are extracted in a top-
down way: the targeted object is localized first in the image
with background subtraction or tracking. Then, the region
of interest(ROI) is encoded as a whole, which results in the
image descriptor. This representation is powerful if we have
good control of viewpoint, noise, and occlusions of the image
data with accurate background subtraction or tracking. Local
features are acquired in a bottom-up way: It starts with local
features such as spatio-temporal interest points, which can be
used to calculate the ROI. Then these ROIs are combined for
final representation. Pre-processing such as camera move-
ment compensation is needed to get enough interesting points
for ROI calculation. One popular local feature representa-
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Fig. 3. C3D model detection result and YOLO model detec-
tion result for Biking and Punching actions of UCF101(Left

figures are C3D one frame detection result. Biking 0.98
Punching 0.87, right figures one frame YOLO detection re-
sults. Biking 0.41).

tion is bag-of-feature, it reduces the negative effect brought by
partial occlusion and noise.[1] We experiment with C3D and
YOLO models which both use the global features for classifi-
cation.

3.2. Models

C3D:

First Model we tried is C3D model which is shown in Fig-
urel. C3D model takes a non-overlapped 16 frames clip as in-
put and makes the prediction for the video class labels within
101 actions. The video frames’s resolution have been reduced
by half, which is 128 x 171, this can be regard as dimen-
sion reduction strategy that can reduce computation work-
load. The input dimensions are thus 3 x 16 x 128 x 171. For
the architecture of the C3D networks, it have 5 convolution
layers and 5 pooling layers (each convolution layer is imme-
diately followed by a pooling layer), 2 fully-connected layers
and a softmax loss layer to predict action labels. The number
of filters for 5 convolution layers from 1 to 5 are 64, 128, 256,
256, 256, respectively. All convolution kernels have a size of
d where d is the kernel temporal depth (according to the pa-
per experiment, 3D architecture achieve optimal performance
when d is 3). All of these convolution layers are applied with
appropriate padding (both spatial and temporal) and stride 1,
thus there is no change in term of size from the input to the
output of these convolution layers. All pooling layers are max
pooling with kernel size 2 x 2 x 2 (except for the first layer)
with stride 1 which means the size of output signal is reduced
by a factor of 8 compared with the input signal. The first
pooling layer has kernel size 1 x 2 x 2 with the intention of
not to merge the temporal signal too early and also to satisfy
the clip length of 16 frames. The two fully connected layers






