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Abstract

In recent years, deep convolutional neural networks (CNNs) have shown remarkable re-
sults in the image domain. However, most of the neural networks in action recognition
do not have very deep layer compared with the CNN in the image domain. This the-
sis presents a 3D Densely Connected Convolutional Network (3D-DenseNet) for action
recognition that can have more than 100 layers without exhibiting performance degra-
dation or overfitting. Our network expands Densely Connected Convolutional Networks
(DenseNet) [32] to 3D-DenseNet by adding the temporal dimension to all internal con-
volution and pooling layers. The internal layers of our model are connected with each
other in a feed-forward fashion. In each layer, the feature-maps of all preceding layers
are concatenated along the last dimension and are used as inputs to all subsequent lay-
ers. We propose two different versions of 3D-DenseNets: general 3D-DenseNet and lite
3D-DenseNet. While general 3D-DenseNet has the same architecture as DenseNet, lite
3D-DenseNet adds a 3D pooling layer right after the first 3D convolution layer of general
3D-DenseNet to reduce the number of training parameters at the beginning so that we
can reach a deeper network.

We test on two action datasets: the MERL shopping dataset [69] and the KTH dataset
[63]. Our experiment results demonstrate that our method performs better than the
state-of-the-art action recognition method on the MERL shopping dataset and achieves
a competitive result on the KTH dataset.
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Chapter 1

Introduction

The computer vision community has worked hard on human action recognition for years.
Recognizing different actions from video data is critical for many important applications,
such as fight detection from surveillance video, human-robot interaction, video content
analysis for online video-sharing websites, and security surveillance at home. The primary
goal of action recognition is to identify human actions in a video sequence. It is one of
the essential steps in analyzing human behavior from video data.

There are countless surveillance cameras in the world and these cameras play an im-
portant role in fighting crime. The police can use a surveillance video to track crime
suspects after the occurrence of a crime. However, the ability to identify illegal or suspi-
cious behaviors as they happen is a game changer, and this is where action recognition
is good at. It can be used not only after a crime has been perpetuated but also during
the crime itself or, sometimes, even before the crime happens. For example, if a person
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deliberately abandons a bag in the airport and leaves the airport immediately, an action
recognition system can send an alarm signal to security guards.

Action recognition is also an essential tool for video-sharing websites, such as YouTube
and Twitch. It can understand the content of a video and make a decision on whether
this video can be made public. This tool can help filter some dangerous video content,
such as bomb making instructions, choking games, and use of hard drugs.

Security surveillance at home with the use of action recognition can be helpful for
people who leave their children or elderly people alone at home. The system can notify the
homeowner when someone falls down or when the children exhibit dangerous behaviors.
Surveillance at convenience store equips with action recognition can prevent theft from
stealing goods, and we can also use action recognition to analyze behaviors of a customer
in front of the showcase of a clothing shop so that the owner knows which display is better.
For human-robot interaction, robots that integrate action recognition can understand
human behaviors with just a camera, and they execute instructions based on human
movements.

1.1 Problem Statement

Nowadays, people share millions of videos every day on the internet and the surveillance
system also produces a considerable amount of videos. Security becomes a crucial prob-
lem with this amount of messy data but opportunities are also hidden between these data
if we can utilize it efficiently. Facing this explosion of visual information and opportuni-
ties, it is now essential to develop methods that can analyze video data and understand
their content. Among the numerous video analysis tasks that have been the object of
intense research are the ones related to human actions such as action recognition [42, 67,
66, 87], action detection [30], and abnormal event detection [6]. Remarkable progress has
been achieved in these individual fields through the discovery of new algorithms or the
application of different solutions. However, there is still a growing need for better video
understanding methods both in terms of accuracy and efficiency.

This thesis addresses the problem of action recognition and considers the problem
of human shopping actions in videos. This technique can apply on customer services
analysis, such as service time estimation, or fully automated convenience store, such as
Amazon go. We aim to build an end-to-end (video to classification result) deep neural
network that classifies human shopping actions from a video sequence (with only RGB

2



information). However, our method has the potential to be expanded to any kind of
action with corresponding dataset.

1.2 Motivation of the Problem

The earliest works on action recognition used 3D models [29, 61] to describe human
actions. However, generating a 3D model from videos is difficult and expensive. As a
result, people instead use global representations [5, 8, 86] or local representations [42,
13, 84] for action recognition. These methods are called representation-based methods,
as described in section 2.1.

In recent years, with the rapid development of GPU computing, deep networks-based
methods have been able to achieve remarkable results in action recognition. Tran et al.
[78] create a generic video descriptor called C3D that achieves 82.3% accuracy on the
UCF101 dataset [70]. Singh et al. [69] propose a multi-stream bi-directional recurrent
neural network [64] that achieves 80.31% accuracy on the MERL [69] dataset. However,
most of the deep networks in action recognition do not have a very deep structure com-
pared to the networks used in image analysis [41] such as Highway Network [73], Residual
Networks (ResNets) [26] and Densely Connected Convolutional Network (DenseNet) [32]
that can use more than 100 layers. Therefore, we try to create a deep neural network for
action recognition in surveillance videos that can have more than 100 layers.

1.3 Contributions

In this thesis, we propose a 3D Densely Connected Convolutional Network (3D-DenseNet)
based on DenseNet [32] with 3D kernel [78] for recognition of actions taken by people
interacting with items in a shopping context. We thus explore an architecture that
can accommodate more than 100 layers as we believe that a deeper network increases
its capability of learning more complex patterns of actions. We test our model on the
MERL shopping dataset [69] showing overhead views of people manipulating items on a
shelf. We also provide performance results for the KTH action recognition dataset [63].

To summarize, our contributions in this thesis are:

• We propose a new deep 3D convolutional network structure for action recognition
that can have more than 100 layers.
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• Our model performs better than the current state-of-the-art method on the MERL
[69] dataset.

• We empirically find that 3D-DenseNet performs better as the depth (number of
layers) and growth rate increase.

• We fully implement the 3D-DenseNet with Tensorflow and the code is available at
Github: https://github.com/frankgu/3d-DenseNet

1.4 Thesis Outline

The thesis is organized as follows:

• Chapter 2 introduces the background and related work on action recognition. We
group the methods for action recognition into two categories, representation-based
methods and deep networks-based methods. Global representation and local repre-
sentation are introduced in the representation section. The deep networks section
covers spatio-temporal architecture, multiple-stream architecture, and deep gener-
ative architecture. At the end of this chapter, we present the widely used human
action datasets.

• Chapter 3 presents our method for action recognition. We introduce the four basic
layers of the 3D CNN, 3D convolution, 3D pooling, rectified linear unit, and fully
connected layers. Then we explain dense connectivity, composite function, and
some configuration parameters of our model. Finally, we present some implemen-
tation details of our model in section 3.3.

• Chapter 4 shows the pre-processing procedure for the dataset and the training
setting of our network. We also present the TensorFlow implementation details of
our model and the experiment result at the end of this chapter.

• Chapter 5 summarizes the thesis and presents its limitations and possible future
research directions.
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Chapter 2

Related Work

In this chapter, we introduce the state-of-the-art representation-based methods and deep
networks-based methods for action recognition in realistic videos. In the representation-
based methods section, we divide representation into 2D or 3D modeling, global rep-
resentation, and local representation. In the deep networks-based methods section, we
categorize the model architecture into spatio-temporal architecture, multiple-stream ar-
chitecture and deep generative architecture. The densely connected convolutional net-
work (DenseNet) will be introduced in a separate section because our 3D-DenseNet takes
inspiration from it. Finally, two different datasets are introduced in detail, as well as a
list of popular action datasets.
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2.1 Representation-based Methods

In this section, we review some state-of-the-art human action recognition methods based
on the representation of human action, i.e., those use handcrafted features, such as scale-
invariant feature transform (SIFT), which has the benefits of invariant to translations,
rotations and scaling transformations of images and robust to moderate perspective trans-
formations and illumination variations. Generally, we can group these representation-
based methods into the following three categories:

• 2D or 3D modeling methods use a 2D pattern or a 3D model to represent
human actions.

• Global representation methods use the whole human body structure, shape
and movement as the representation of human actions.

• Local representation methods use a collection of patterns or distinct structures
that are extracted from the human body to represent human actions.

2.1.1 2D or 3D modeling

2D or 3D modeling use either 2D motion patterns [24, 57] or 3D models [29, 7, 47, 61]
to represent human actions. In the 2D motion pattern method, Guo et al. [24] record
human motion as a sequence of stick figure parameters and then use the backpropagation
neural network to classify these stick figures. Johansson [37] uses a few bright spots of
the main joints from the human body to describe human motion (Figure 2.1).

Figure 2.1: Illustration of a walking action on the left hand side and the corresponding
spot of the walking action on the right hand side.
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Much of early research on action recognition used the 3D modeling method. The
walker hierarchical model [29] represents a person by using a series of hierarchical levels.
Rohr [61] uses connected cylinders and their evolution to identify pedestrians on a video.

In general, 2D or 3D modeling methods show good results on simple and clean
datasets. However, the performance of these methods heavily relies on some challenging
techniques, such as image/video segmentation, human tracking, and 3D reconstruction.
Most of these techniques are prone to error as a result of occlusion, background clutter,
scale change, and multiple subjects in one image. Therefore, the majority of recent so-
lutions avoid using 2D or 3D modeling methods and try to find a good representation of
actions at the global or local level.

2.1.2 Global representation

Global representation methods use the whole human body structure, appearance, and
movements for the representation of an action. Global representation methods are good
at preserving the structural information of actions and are better than 2D or 3D modeling
methods in terms of efficiency and robustness because they only need to construct global
appearances and the actions of the human body instead of modeling every part of the
body. To encode the global appearance of the human body, we commonly use silhouettes,
optical flow, or a template to represent the human body.

The silhouettes of the human body can be obtained by background subtraction. Bo-
bick and Davis [5] are among the earliest researchers who have used silhouettes for human
action recognition. They proposed motion-energy image (MEI), which uses a binary im-
age to indicate where motion occurs, and motion-history image (MHI), which adds the
time variable to the weight of the silhouette. The MEI stacks several silhouette images
into a single image and uses this image to represent the region of motion. On the other
hand, MHI weights a motion region by applying a function to it over time to record
how motion happens. This representation works well when the background is stable. In
addition, Briassouli et al. [8] use a similar approach and they experiment their method
on various human motions contained in both indoor and outdoor videos. Meng et al.
[50] propose a new hierarchical motion history histogram that combines MHI to produce
a low-dimension feature vector.

Wang et al. [86] use the R transform to represent the low-level features for human
silhouettes. This R transform has the advantage of computational inexpensiveness, and
it can distinguish similar activities when there is a disjoint silhouette, a silhouette with
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holes, or frame loss data. Souvenir and Babbs [71] generalize the R transform curve to
the surface by adding temporal information to the R transform.

Yamato et al. [90] experiment their algorithm on real time-sequential silhouette
images to distinguish different tennis actions, such as backhand volley and forehand
stroke. They use vector quantization to transform a set of time-sequential images to a
symbol sequence, and then use the hidden markov model to learn different actions.

Wang et al. [85] use average motion energy (AME) and mean motion shape (MMS)
as a representation of human silhouettes. The AME converts a set of time-sequential
images to one binary image of one human motion. The MMS uses a border-following
algorithm to obtain a single connectivity binary silhouette. Three simple classification
methods and various distance metrics are used for classification.

Huang and Xu [31] use two orthogonal cameras with a similar height and distance
to gain a viewpoint-insensitive representation of human action. A silhouette has been
created by these two cameras, and an enveloping shape has been calculated by the
silhouette. With the help of the enveloping shape, we will have enough discriminating
features for action recognition.

Silhouettes have the advantage of efficiency and insensitivity to variable changes.
However, generating silhouette representation highly relies on an accurate background
subtraction, which is sensitive to the viewpoint, occlusion, and background, among other
factors. When we have a good control of these factors, silhouettes usually perform well.

Unlike silhouette representation, optical flow representation does not depend on back-
ground subtraction. Polana and Nelson [56] generate an optical flow representation for
the region of interest of a person and the stack motion magnitude feature in a square grid
of non-overlapping bins. Classification is performed with the nearest centroid algorithm,
which is efficient and easy to implement.

Efros el al. [17] compute optical flow in a very small person-centred image window and
test their algorithm on soccer videos. They divide the horizontal and vertical components
of the flow field into positively and negatively directed components, creating four different
channels. Then, a blurry process is used to avoid noisy displacement. The classification is
done with the k-nearest-neighbour algorithm, and four channels are matched separately.

Ali and Shah [1] derive a set of kinematic features from the optical flow. The set of
features includes divergence, vorticity, symmetric and antisymmetric flow fields, second
and third principal invariants of the flow gradient and rate of the strain tensor, and the
third principal invariant of the rate of the rotation tensor. Principal component analysis
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is performed on the spatio-temporal volumes to compute the kinematic modes. The
coordinates of the kinematic mode-based feature space are used for classification with
the k-nearest-neighbour algorithm.

Unlike silhouettes and optical flow, which are computed within a short period of time,
template-based methods usually need a long sequence of video frames. Some template-
based methods can be built by stacking silhouette images, such as in [4]. Other methods
use spatio-temporal volume filters [60] and 3D Gaussian third-derivative filters [62].

2.1.3 Local representation

Local representation methods use a collection of local descriptors or patches as represen-
tations. They do not rely on accurate localization and background subtraction, which
means that local representations can do better when we have illumination, occlusion, de-
formation, and multiple motions. Local representations can be divided into two different
components, the feature detector and the feature descriptor.

Feature detectors

Feature detectors usually select the most significant spatio-temporal areas in an im-
age, such as the corner of an image. These areas are called spatio-temporal interest
points, and the neighborhoods of these interest points vary significantly both in the
spatial and temporal domains.

Laptev and Lindeberg [42] are the first to build a space-time interest point detector
by extending the Harris corner detector [25] to the 3D-Harris detector. In 3D-Harris,
they detect the interest points in the spatio-temporal domain and calculate a spatio-
temporal second-moment matrix for interest points with different spatial and temporal
scales. Then, they smooth the function and space-time gradients by applying a Gaussian
function on it. Another example [88] uses second-order derivatives instead of gradients.
Schuldt et al. [63] use salient sparse spatio-temporal features based on the Harris corner
detector.

When we direct 3D counterparts to commonly used 2D interest point detectors, the
detection of 2D interest point detectors does not work well for detection. Dollár et al.[13]
addressed this problem by creating a cuboid detector that applies the 1D Gabor-filter in
the temporal dimension to convolve with a spatial Gaussian function and select the local
maxima of the response convolution as interest points.

Because feature detectors are computationally expensive when we have a large amount
of data and sparse interest points have the possibility of missing important aspects of the
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scene, researchers tend to use densely sampled points that capture almost all relevant
information and trajectories that track spatial interest points over a sequence of videos.

Scovanner et al. [65] introduce the 3D SIFT descriptor based on the 2D SIFT de-
scriptor [46] to capture the spatio-temporal information of the video data, and use a
bag of words method to represent the video. They use random sampling of a video at
different locations, times, and scales to extract feature points.

Wang et al. [84] compare three different spatio-temporal feature point detectors,
namely, 3D-Harris [42], Cuboid [13], and Hessian3D with dense sampling and use a bag-
of-features SVM method for action recognition. The result shows that dense sampling
at regular space-time grids is better than state-of-the-art interest point detectors.

Uemura et al. [79] extract a large number of features for every frame by multiple
interest point detectors.They use the KLT tracker [46] and SIFT to create a robust
feature extractor and they also create a method for estimating the dominant planes in
the scene. Messing et al. [51] use the KLT tracker to track 3D-Harris interest points and
obtain feature trajectories. They apply uniform quantization in log-polar coordinates to
represent feature trajectories with a different length. In addition, a generative mixture
of Markov chain models has been used for action recognition.

Feature descriptors

A feature descriptor is calculated in a local neighborhood centered at a spatio-
temporal interest point to obtain the shape and motion information of a video sequence.
The feature descriptor should be distinctive and insensitive to local image deformations
to facilitate the matching procedure.

Laptev and Lindeberg [43] propose and compare several descriptors over local spatio-
temporal neighborhoods, such as the histograms of spatio-temporal gradients and those
of optical flow. They compute spatio-temporal gradients and the histograms of optical
flow for each cell over aM∗M∗M grid layout to generate the local motion and appearance
at the same time. In addition, they concatenate the optical flow or gradient information
of each pixel to reduce the dimension of features. The result shows that descriptors based
on the spatio-temporal gradients and histograms of optical flow outperform those based
on traditional global histograms.

Klaser et al. [39] propose the histograms of the oriented 3D spatio-temporal gradients
descriptor. They initially divide the 3D patch into a grid of cells and then divide each cell
into sub-blocks. A mean 3D gradient is computed and quantized using a polyhedron for
each sub-block. Finally, they concatenate the gradient histogram of all cells and create
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the 3D histogram of the oriented gradients for a given 3D patch.
Wang et al. [83] use motion boundary histogram (MBH) descriptor to describe dense

trajectories. MBH was first introduced by Dalal et al. [11]. Because the derivatives
of MBH are computed separately for the horizontal and vertical components of the op-
tical flow, this will cause motion compensation. Wang et al. quantize the orientation
information into histograms and process the magnitude for weighting to reduce motion
compensation.

2.2 Deep Networks-based Methods

There are two major type of deep neural networks: CNN, which [44] plays an important
role in learning image content [41, 9, 76, 32, 26] and recurrent neural network (RNN),
[19] which is commonly used for sequential data, such as video [81, 15] and audio [19, 52].
The training procedure of these networks generates a complicated decision function from
a large amount of data by composing multiple levels of nonlinear operations and learning
the hyper-parameter based on the gradient descent approach. Generally speaking, a large
amount of annotated data, a powerful GPU, and a gradient descent learning algorithm
lead to the success of deep learning.

In this section, we group deep networks into the following three categories based on
the network architecture they use:

• Spatio-temporal architecture

• Multiple-stream architecture

• Deep generative architecture

2.2.1 Spatio-temporal networks

In general, a convolutional architecture involves three main steps: convolution, pooling
(also called sub-sampling), and normalization. These steps extract the most relevant
image structure while reducing the search space of the network. Zeiler and Fergus [93]
visualize the kernel learned by CNN and find that beginning layers learn low-level fea-
tures, whereas top layers learn high-level representations. This shows that convolutional
architecture can be used for feature extraction.

Unlike images, videos have a temporal dimension. One common way of utilizing the
deep networks for action recognition is by directly adding the temporal information to a
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convolutional architecture. To achieve this, Ji et al. [36] propose the 3D CNN, which uses
3D kernels (with the temporal dimension added) to extract both spatial and temporal
information. Figure 2.2 shows the convolution and pooling operation of the 3D CNN.

Figure 2.2: 3D convolution operation on input video clips (height * width * depth =
128 ∗ 128 ∗ 16) with 64 kernels of size 3 ∗ 3 ∗ 3 (small blue and red cubes), 3D pooling
operation on big red and blue cubes with kernel size 2 ∗ 2 ∗ 1 (height * width * depth) to
create a 64 ∗ 64 ∗ 16 feature cube.

In general, the 3D CNN outperforms the 2D frame-based method, but it has a very
rigid temporal structure. We need to predefine the video clip sequence length, which is
the number of frames, used as the input of the network. This may be unreasonable for
action recognition because different actions may have different speeds and durations, so
defining the video clip sequence length in advance is difficult.

Many researchers have contributed to the area of integrating temporal information
into CNNs. Ng et al. [92] find that maximum pooling is better than average and
other pooling methods in the temporal domain. Karpathy et al. [38] propose a new
convolutional architecture called slow fusion model (Figure 2.3), which accepts video clips
and processes them through a similar set of layers (with shared parameters) to produce
outputs for fully connected layers. These fully connected layers will then produce the
video descriptor.

Tran et al. [78] take the idea from visual geometry group (VGG) [9], Decaf [14], and
the 3D CNN [36] to create a generic video descriptor called C3D (Figure 2.4). They train
their network on the Sports-1M [38] dataset and extract the video features from a fully
connected layer, as shown in Figure 2.4. Empirically, the authors find that a 3 ∗ 3 ∗ 3
kernel size outperforms other sizes. For classification, they use linear SVM to classify
the video features generated by a fully connected layer.
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Figure 2.3: The blue box represents the convolution layer, the yellow box represents the
local response normalization layer, the white box represents the pooling layer, and the
green box represents the fully connected layer.
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Figure 2.4: C3D has eight convolution layers, five maximum pooling layers, and two fully
connected layers, followed by a softmax output layer. All the convolution kernel size is
3 ∗ 3 ∗ 3 and all the pooling kernel size is 2 ∗ 2 ∗ 2, except for the first pooling layer that
has a size of 2 ∗ 2 ∗ 1.
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Exploring the 3D CNNs with long temporal durations at the input layer, Varol et al.
[80] find that the performance increases with an increment in temporal depth. Sun et al.
[74] use the combination of 2D and 1D filters to replace a 3D filter and thus reduce the
number of training parameters of the convolutional network.

Recurrent structures can also be used for action recognition. Baccouche et al. [2] and
Donahue et al. [15] use a cascade of convolutional networks and long-short term memory
(LSTM) [28] (Figure 2.6), which is a special kind of RNN [59] (Figure 2.5). The chain-
like structure of RNN reveals that it is closely related to sequences and lists. Therefore,
RNN can be used for tasks, such as video processing, speech recognition, and video
captioning, to name a few. However, the activation functions of RNN have gradients
in the range (−1, 1); if we have an n-layer network, we might encounter the gradient
vanishing problem [3] because the gradient decreases exponentially with n (0.99n ≈ 0).
LSTM solves this problem fundamentally by controlling the states and outputs of the
RNN through control gates.

Figure 2.5: x represents the sequence input, z represents the output, and f represents
an element-wise non-linearity, such as a sigmoid function or hyperbolic tangent function.

Figure 2.6: The LSTM cell has four different control gates that add or remove the
information from the top cell state Ct.

Baccouche et al. [2] combine the 3D CNN and LSTM for action recognition. They use
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a 3D CNN as a feature extractor to generate representations of video clips and then feed
the representations to an LSTM network for classification. In addition, both networks
are trained separately. Unlike Baccouche et al. [2], Donahue et al. [15] create an end-
to-end network called long-term recurrent convolutional network that can be used for
action recognition, video captioning, and image captioning.

2.2.2 Multiple-stream networks

Generally speaking, a multiple-stream network can take fully use of the rich multimodal
information in videos. Such as raw RGB images, optical flow, and audio clues. Simonyan
and Zisserman [68] are two of the earliest researchers who have proposed multiple-stream
deep CNNs for action recognition (Figure 2.7). They use two different CNNs to handle
both spatial and temporal information. The spatial stream network takes the raw RGB
images, while the temporal stream network takes a set of optical flow images as input. In
terms of implementation, they use multi-GPU to accelerate the training time, pre-train
their spatial stream network on ImageNet ILSVRC-2012 to increase the accuracy, and
use multi-task learning for the temporal stream network to increase the training set.

Figure 2.7: The two-stream network by Simonyan and Zisserman [68]. It takes the RGB
and a set of optical flow frames as inputs for the network.

By extending the two-stream network [68], Feichtenhofer et al. [18] find that adding a
fusion operation at an intermediate layer of the two-stream network can improve perfor-
mance while decreasing the training parameters significantly (Figure 2.8). They perform
fusion right after the last convolution layer, which will increase accuracy and remove the
requirement of costly fully connected layers in both streams. They can reach the same
accuracy as in the original network [68] with only half of the training parameters.

Wu et al. [89] use image frame, short-term motion, which is stacked optical flow over
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Figure 2.8: The two-stream fusion network by Feichtenhofer et al. [18]

a short temporal window, and audio clues to train three different CNNs separately. After
that, they use the first fully connected layer from both image frame CNN and short-term
motion CNN as input to two different LSTMs. By combining the outputs from three
CNNs and two LSTMs, the author generates the final predictions.

Singh et al. [69] present a four streams bi-directional RNN for action recognition.
The first stream of the network is the origin RGB frame, second is the bounding box
around the person generated by a state-based tracker [69], third is a motion stream that
uses pixel trajectories of a frame from the first stream, and the last one is the pixel
trajectories of the second stream. All these streams have been trained by separate CNN
followed by a bi-directional LSTM [22].

2.2.3 Deep generative networks

Nowadays, people post millions of videos on the web, but most of these do not have
any labels or tag information. If we can create a deep model that requires little or no
supervision, then data will no longer be a bottleneck for training the model. A generative
model is a type of model that can use unsupervised data for video sequence analysis.
Sutskever et al. [76] and Srivastava et al. [72] take a video sequence x1, x2, ..., xt as the
input for their generative model and predict the future (e.g., the next instance xt+1) of
the video sequence. We can evaluate the model by checking whether the content and
dynamics (e.g., motion primitives) of the video have been captured. In general, the
goal for a deep generative network [82, 21, 28] is learning temporal information from
unsupervised data.

Yan et al. [91] take the linear dynamic system modeling idea from Doretto et al.
[16] and propose a deep dynencoder to capture video dynamics. They initially generate
the hidden states ht from raw pixel input xt, and then they predict the next hidden
states ht+1 from the current ht. Finally, they map the predicted hidden state ht+1 to
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produce the output frame xt+1. They train the layer (autoencoder and dynpredictor)
in the network separately in the pretraining phase and then fine-tuning the network to
reduce training complexity.

Srivastava el al. [72] use the LSTM [28] cell to create the LSTM autoencoder model
as shown in Figure 2.9. This model consists of the encoder LSTM and the decoder
LSTM. The input of the model is a sequence of vector data (v1, v2, v3), which is a
set of images or features. The encoder LSTM reads the input sequence in order and
learns the corresponding feature representation. After that, the decoder LSTM takes the
learned representation to reconstruct the input sequence (v3, v2) and output a prediction
(c3, c2, c1).

Figure 2.9: The LSTM autoencoder model from Srivastava el al. [72]

Goodfellow et al. [21] focus on the training difficulties in deep generative networks
and propose an adversarial network. Adversarial refers to the competition between a
generative model and a discriminative one. The generative model learns to capture the
data distribution and create a sample that is similar to the input data; at the same
time, the discriminative model estimates the probability whether a sample comes from
the generative model or the origin data themselves. While training, the program tries
to make the generative model create samples that are more similar to the origin data.
Mathieu et al. [49] train a multi-scale convolutional network with the adversarial principle
and discuss the advantages of pooling in a generative model.

2.3 Densely Connected Convolutional Network

Densely connected convolutional network (DenseNet) [32] is a CNN for image classifi-
cation that surpasses 100-layer barrier. Usually, when CNNs get deeper and deeper,
information about the input or gradient that passes through many layers can vanish by
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the time it reaches the end (or beginning) of the network. However, DenseNet uses a
simple connectivity pattern, which is dense connectivity, to tackle this problem. It en-
sures maximum information flow between layers in the network by connecting all layers
with each other directly using the same size of feature-map. Each layer requires infor-
mation from all preceding layers as input, then it passes its own feature-maps to all
subsequent layers. Example of dense connectivity has been shown in Figure 2.10. Our
3D-DenseNet takes inspiration from DenseNet and creates a 3D version of DenseNet by
adding a temporal dimension to all the convolution and pooling layers in DenseNet.

Figure 2.10: Layer 1 sends its feature-maps to all its subsequent layers (2, 3, 4) and Layer
4 receives feature-maps from all its preceding layers (1, 2, 3).

The overall architecture of DenseNet can be found in Figure 2.11. The composite
function consists of three consecutive operations: BN [33] (section 3.2.2), followed by a
ReLU [20] (section 3.1.3), and a convolution layer. Layers between each dense block are
transition layers, which do the convolution and pooling operations. For 3D-DenseNet,
we replace all the internal convolution and pooling layers of DenseNet with the 3D
convolution and 3D pooling layers and we also change the input from images to videos.

Figure 2.11: DenseNet with three dense blocks. The layers between two adjacent blocks
are transition layers.

DenseNet obtains significant improvements over the state-of-the-art on most of the
object recognition benchmark tasks among CIFAR-10 [40], CIFAR-100 [40], SVHN [53]
and ImageNet [12]. It has better parameter efficiency (ratio of accuracy to training
parameter) compare with residual neural network (ResNet) [26], ability to control over-
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fitting, and gradually improvement with the increment of layers. During the experiment,
our 3D-DenseNet shows the same behaviors as DenseNet and performs better than the
current state-of-the-art on the MERL shopping dataset [69].

2.4 Datasets

In recent years, with the increasing popularity of human action recognition in the com-
puter vision community, more and more video datasets have been created. One of the
main advantages of using datasets is the ability they afford researchers to compare dif-
ferent action recognition models within the same input data. In this thesis, we choose
two different video datasets (the KTH [63] and MERL shopping datasets [69]) because
we want to perform recognition of human actions in the static background.

KTH [63] consists of the following six different classes: walking, jogging, running,
boxing, hand waving and hand clapping. These actions are performed several times by 25
subjects in four different scenarios: outdoors, indoors, outdoors with scale variation, and
outdoors with different clothes. Sample frames are shown in Figure 2.12. The dataset
has 2,391 sequences, with slight camera movement. All clips in this dataset have 25
frame per second (fps) rates and 160 ∗ 120 resolutions.

Figure 2.12: Example frame of six different actions in the KTH dataset [63]: S1,S2,S3,
and S4 represent the different scenarios.
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The MERL shopping dataset [69] consists of the following five different classes:
reach to shelf, retract from shelf, hand in shelf, inspect product, and inspect shelf. These
actions basically cover all possible behaviors for shopping in a grocery store. The dataset
consists of 96 video clips with a stable background, and the setting is a lab space. There
are 41 subjects in total and each video clip is labeled with the start and end times for
different actions. The sample frames are shown in Figure 2.13. Currently, the best
performance is reported in [69] with a mean accuracy of 80.31%.

Figure 2.13: The MERL shopping dataset [69] represents five different human shopping
actions from a top view camera. From left to right, the actions are: retract from shelf,
inspect shelf, inspect product, hand in shelf, and reach to shelf.

Table 2.1 is a list of commonly used datasets in action recognition. Large variations
can be found in these datasets, such as in terms of scale changes, dynamic background,
illumination, and people size. These variations give us an excellent simulation of the
realistic environment but they also equate to challenges when we use them for training
on our deep model. UCF Sports, UCF11, UCF50 and UCF101 in the list are ordered by
time, and each dataset includes its precursor. The KTH dataset is the oldest dataset,
and the MERL shopping dataset is the latest one.

In this thesis, we propose a deep network-based method to recognize human actions in
videos. This method differs from other proposed methods because we can have more than
100 layers in our network without any signs of performance degradation or overfitting.
Furthermore, our network performs better than the state-of-the-art action recognition
method on the MERL shopping dataset and achieves a competitive result on the KTH
dataset.
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Dataset

Name Classes Background Resource

MERL[69] 5 Static Actor Staged
KTH[63] 6 Static Actor Staged
UCF Sports[60] 9 Dynamic TV, Movies
UCF11[45] 11 Dynamic YouTube
HOHA[48] 12 Dynamic Movies
Olympic[54] 16 Dynamic YouTube
UCF50[58] 50 Dynamic YouTube
HMDB51[34] 51 Dynamic Movies,YouTube,Web
UCF101[70] 101 Dynamic YouTube

Table 2.1: List of major action recognition datasets

22



Chapter 3

3D Densely Connected Convolutional

Network

In this chapter, we propose 3D-DenseNet, a deep network that adds temporal information
to all the internal convolution and pooling layers in DenseNet [32] and makes it work on an
action recognition task. We introduce the four basic layers of our 3D-DenseNet, namely,
the 3D convolution layer, 3D pooling layer, rectified linear units (ReLU) layer, and
the fully connected layer of a 3D CNN. Then, we explain dense connectivity, composite
function, 3D pooling operation, growth rate k, 3D bottleneck layers, and the compression
factor of our model in details. Finally, we describe the parameter setting for our network
in Section 3.3.
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3.1 Basic Layers

In this section, we explain the following four basic layers of the 3D CNN in detail: the
3D convolution layer, 3D pooling layer, ReLU layer, and the fully connected layer. The
3D convolution layer and the 3D pooling layer are well suited for spatio-temporal feature
learning because they have the ability to model the temporal information of video data,
whereas the two other layers perform the same functionality as they do in a general CNN.

3.1.1 3D convolution

Compared with 2D convolution layers, 3D convolution operations are performed spatio-
temporally; 2D convolution operations can only handle spatial information.

The details of the 2D convolution operation can be found in Figure 3.1. First, we
slide the orange matrix (kernel) over the input image (green image). Normally, the
kernel is moved by 1 pixel such that every pixel of the image is hit by the kernel center.
However, skipping over the pixel is also possible; this is the stride of the operator.
Then, we compute the element-wise multiplication between the two matrices and add
the multiplication outputs to obtain the final integer result. We may notice that when
we apply the 3 ∗ 3 kernel on the 5 ∗ 5 input image, the output feature size decreases to
3 ∗ 3. However, we will want to preserve as much information as possible during the
entire process, so we can use a zero padding technique on the input image to pad the
input image with zeros around the border as shown in Figure 3.2.

Figure 3.1: 2D convolution operation. The green image is the input image for 2D
convolution, the orange image is the kernel of size 3 ∗ 3 and the result is the pink image.

The extension from 2D convolution to 3D convolution is easy to imagine. All we
need to do is add the temporal dimension into the input volume, kernel, and the output
volume. The input is a video clip with three dimensions: height, width, and depth, which
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Figure 3.2: The input image is 5∗5: we add one border of zeros around the input image,
which increases the image size to 6 ∗ 6. Then, when we apply the 3 ∗ 3 kernel over the
input image. We can get a 5 ∗ 5 output image instead of a 3 ∗ 3 one.

is the number of images in a video clip. The kernel can be, for example a 3 ∗ 3 ∗ 3 cube
as shown in Figure 3.3 b). Finally, the output has the same dimension with the input
video when we apply zero padding.

3.1.2 3D pooling

Inserting a 3D pooling layer between 3D convolution layers is quite common in the 3D
CNN. It can reduce the spatio-temporal size of the video representation, as well as the
parameters of the network. This operation can save computation power and control
the overfitting problem. Pooling operations has many types, such as maximum pooling,
average pooling, and L2-norm pooling. The basic steps for 3D pooling operation are as
follows:

1. Take an input video clip of size Di ∗Hi ∗Wi ∗Ci, where Di is the number of images
in this video clip, Hi is the height of the image, Wi is the width of the image and
Ci is the channel of the image.

2. Define a kernel of size Hk ∗Wk ∗Ck, where Hk is the height of the kernel, Wk is the
width, and Ck is the depth.

3. Define the stride S.

4. Produce the output of size Do ∗Ho ∗Wo ∗ Co, where

• Do = Di
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Figure 3.3: 2D and 3D convolution operations. a) With 2D convolution applied
on a 128 ∗ 128 (height * width) image with 64 different kernels (the size of the kernel is
3∗3), the result is a list of 64 images. b) With 3D convolution applied on a 128∗128∗16
(height * width * channel) video clip with 64 different kernels (the size of the kernel is
3 ∗ 3 ∗ 3), the result is a list of 64 video clips.
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• Ho = (Hi −Hk)/S + 1

• Wo = (Wi −Wk)/S + 1

• Co = (Ci − Ck)/S + 1

Before we proceed to the 3D pooling operation, we need to understand the details of
the 2D pooling operation. We take Figure 3.4 as an example. The filter size is 2 ∗ 2. We
stride the filter with a step of 2 along the height and width of the input. Every maximum
operation will take the maximum number over four numbers in the box of size 2 ∗ 2 and
every average operation will take the average of these four numbers.

Figure 3.4: 2D maximum pooling and average pooling example with stride 2. Every four
numbers of one color on the left produce one number of the same color on the right

The 3D pooling operation involves just adding the temporal dimension to 2D pooling.
For example, we stride the filter of size 2 ∗ 2 ∗ 2 with a step of 2 along the height, width,
and channel in Figure 3.5). The input video of size 128∗ 128∗ 16 will generate an output
video of size 64 ∗ 64 ∗ 8.

3.1.3 Rectified linear units (ReLU)

ReLU [20] is an activation function of the CNN. This layer has the ability to prevent
the input from saturating [41] and increasing the nonlinear properties of the decision
function. The ReLU is defined as

f(x) = max(0, x), (3.1)
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Figure 3.5: 2D and 3D pooling operations. a) With 2D pooling applied on a 128∗128
(height * width) image with a stride of 2 (the size of the filter is 2 ∗ 2), the result is an
image of size 64 ∗ 64. b) With 3D pooling applied on a 128 ∗ 128 ∗ 16 (height * width *
channels) video clip with a stride of 2 (the size of the filter is 2 ∗ 2 ∗ 2), the result is a
cube of size 64 ∗ 64 ∗ 8.
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where x is the output of the convolution layer. ReLU has the advantage of reduc-
ing the likelihood of a vanishing gradient without affecting the receptive fields of the
convolution layer.

Many other functions can also be used for activation, similar to ReLU. The hyperbolic
tangent is defined as

f(x) = tanh(x) =
1− e−2x

1 + e−2x
, (3.2)

where x is the output of the convolution layer and the sigmoid function is defined as

f(x) =
1

1 + e−x
. (3.3)

Overall, ReLU performs better than other activation functions do in terms of speed
and accuracy. A network with ReLU will train several times faster than those using other
activation functions [41].

3.1.4 Fully connected layer

After several layers of 3D convolution, 3D pooling, and ReLU, a fully connected layer
is generally added to learn the non-linear functions of high-level features from previous
convolution layers. The output from the 3D convolution is initially flattened and con-
nected to every neuron in a fully connected layer. The neurons in the fully connected
layer have full connection to all neurons in the previous layer, as shown in Figure 3.6.

The mathematics behind a fully connected layer can be shown as follows:
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Figure 3.6: Each square represents a neuron in a CNN. fc1 is the first fully connected
layer and fc2 is the second fully connected layer. Each neuron in fc1 is connected to
the every neuron in fc2.

S.1 All neurons in the first fully connected layer are x1, x2, ..., xn.

S.2 All neurons in the second fully connected layer are y1, y2, ..., yz.

S.3 Then yz = x1 ∗ w1,z + x2 ∗ w2,z + ...+ xn ∗ wn,z + bz.

S.4 bz is the bias offset of the matrix multiplication.

The last layer of the 3D CNN is the classification layer; it contains the number of
classes when we perform the classification operation. Take Figure 3.7 as an example; we
have four different classes, a,b,c, and d, in total. Each class is fully connected to the last
fully connected layer. The probability of each class can be computed by steps S.1 to S.4
followed by the softmax function:

f(x)i =
exi∑n
n=1 e

xn
(3.4)

where x is the output from the last fully connected layer and i ranges from 1 to n; n
is the number of classes.

3.2 3D Densely Connected Convolutional Network

3D-DenseNet is a network that adds the temporal dimension to DenseNet [32] for ac-
tion recognition. The 3D-DenseNet consists of L layers, with each layer implementing a
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Figure 3.7: fclast is the last fully connected layer and classes represent the last layer of
the CNN. a,b,c, and d are the different classes of the dataset, and the number on the
right is the predicted probability of each class.

non-linear transformation Fl, where l is the index of the layer. Fl can be a composite
function that includes operations, such as batch normalization (BN) [33], ReLU, and 3D
convolution. In the following subsections, we will introduce the concept of dense con-
nectivity, operations of the composite function, 3D pooling, growth rate, 3D bottleneck
layers, and compression in detail.

3.2.1 Dense connectivity

Dense connectivity is the direct connections from any layer to all subsequent layers. As
shown in Figure 3.8, layer l sends the feature-maps yl to all subsequent layers, l + 1, l +

2, ..., L, where L is the number of the layer. Reciprocally layer l will receive feature-maps
from all preceding layers as input:

yl = Fl([y0, y1, ..., yl−1]) (3.5)

where [y0, y1, ..., yl−1] is the concatenation of composite function outputs from layer
0, ..., l − 1. Dense connectivity is the core idea behind DenseNet [32]. Our method
inherits this idea and creates 3D-DenseNet for action recognition. The equation remains
the same as Eq. (3.5), except that yl now has a temporal dimension to record video
representations.
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Figure 3.8: The composite function consist of BN, ReLU, and 3D convolution. Each
layer has a direct connection to all of its subsequent layers.
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3.2.2 Composite function

The composite function Fl is defined by the following three consecutive operations: BN
[33], ReLU and a 3D convolution that has, in our case, a kernel size of 3 ∗ 3 ∗ 3.

BN is accomplished as follows (Algorithm 1):

Algorithm 1 Batch Normalizing Transform
Input: Mini-batch B = {x1...n}, where n is the number of the input
Output: {yi = BNγ,β(xi)}; γ and β are parameters to be learned
mini-batch means: µB ← 1

n

∑n
i=1 xi

mini-batch variance: σ2
B ← 1

n

∑n
i=1(xi − µB)2

normalize: x̂i ← xi−µB√
σ2
B

scale and shift: yi ← γx̂i + β ≡ BNγ,β(xi)

BN has been added before ReLU layer in each composite function to reduce internal
covariate shift. It has the potential to speed up the training procedure and increase the
accuracy. The mini batch in Algorithm 1 means several video clips (each video clip is a
sequence of images) that are independent with each other.

ReLU in section 3.1.3 can be defined as follows:

f(x) = max(0, x) (3.6)

Function f(x) uses element-wise maximization between 0 and x, where x is the output
from previous BN layer.

3D convolution is an extension of 2D convolution with a temporal dimension. For-
mally, 3D convolution [36] can be defined as follows:

vxyzij = bij +
∑
m

Pi−1∑
p=0

Qi−1∑
q=0

Ri−1∑
r=0

wpqrijmv
(x+p)(y+q)(z+r)
(i−1)m (3.7)

where Ri is the size of the 3D kernel along the temporal dimension, and Pi and
Qi are the sizes of the 3D kernel along the spatial dimension, which is, in our case,
Pi = Qi = Ri = 3. Values (x, y, z) are the position in the data cube, i is the index of
the layer, and j is the index of the feature map. wpqrijm is the (p, q, r)th value of the kernel
connected to the mth feature map in the previous layer.
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Figure 3.9: The overall representation of 3D-DenseNet with three dense blocks. Each
dense block contains several composite functions that are connected in a feed-forward
fashion. The feature-maps of all preceding composite layer are concatenated along the
last dimension and are used as inputs for current composite function. The output feature-
maps are also used as inputs for all subsequent layers. The 3D convolution and 3D
pooling are transition layers that resize the feature-maps. The last linear layer is a fully
connected layer that creates a connection between feature-maps and the different type
of actions. Detail implementation can be found in Table 3.1.

3.2.3 3D pooling

3D pooling is an essential operation to reduce the size of the feature-maps. To use
3D pooling in our architecture we take the multiple densely connected dense blocks idea
from [32]; (see Figure 3.9.) In our experiment, the layers between two adjacent blocks
are transition layers that perform the 3D convolution and 3D pooling operations. The
transition layer between dense block 1 and dense block 2 consists of a BN layer and an
1 ∗ 1 ∗ 1 3D convolution layer, followed by a 1 ∗ 2 ∗ 2 (depth*height*width) 3D average
pooling layer. The 3D average pooling layer between dense block 2 and dense block 3
has a size of 2 ∗ 2 ∗ 2, and the 3D pooling layer after dense block 3 has a size of D

2
∗ 2 ∗ 2,

where D is the number of images in the video clip.

3.2.4 Growth rate

Assume each composite function Fl of layer l in Eq. (3.5) produces number of k feature-
maps, then the lth layer has number of k ∗ (l−1)+k0 input feature-maps, where k0 is the
number of channels in the input image of video clip. k has been limited to a small integer,
e.g., k = 12, to prevent the network from growing too rapidly. The hyper-parameter k
is the growth rate in our network. In the experiment chapter, we have shown that even
a small growth rate can reach the results of the state-of-the-art method on the datasets
that we tested on because each layer has access to all preceding feature-maps within its
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block. If we treat the overall feature-maps as the global state of the network, each layer
appends k feature-maps of its own to this global state, which means that growth rate
k controls how much new information each layer contributes to the global state. The
global state can be accessed by every layer within the network, so duplicating the global
state to every layer in the network is not needed.

3.2.5 3D bottleneck layers

Even if each layer only produces k (growth rate) output feature-maps, we still have
a large number of inputs because we have a very deep structure in our network. By
extending the 1 ∗ 1 convolution layer (bottleneck layer) [77, 26, 32] to the 1 ∗ 1 ∗ 1 3D
convolution layer, we propose to introduce 3D bottleneck layers to reduce the number
of input feature-maps. This 3D bottleneck layer should be added before each 3 ∗ 3 ∗ 3
3D convolution layer to reduce the input to 4k feature-maps in all experiments, where
k is the growth rate. An example is as follows, if k is 12 and the input volume is
100 ∗ 100 ∗ 100 ∗ 512, where 100 ∗ 100 ∗ 100 is height, width, and depth of the video, we
will convolve this input volume with 4k = 48 kernels that have size 1 ∗ 1 ∗ 1 ∗ 512 and
produce a volume of size 100 ∗ 100 ∗ 100 ∗ 48. This operation reduces the input volume
from 100 ∗ 100 ∗ 100 ∗ 512 to 100 ∗ 100 ∗ 100 ∗ 48. This design can highly reduce the
training parameters and improve computational efficiency according to our experiment
result in section 4.5 (Parameter Efficiency part). We refer to our network with such a
3D bottleneck layer as 3D-DenseNet-B.

3.2.6 Compression

To further improve computational efficiency and reduce the training parameters, we can
also reduce the number of feature-maps at transition layers by using the same principle
as that in the 3D bottleneck layer. If a dense block produces m feature-maps, we add
a 1 ∗ 1 ∗ 1 3D convolution layer before the 3D pooling layer shown in Figure 3.9. This
1 ∗ 1 ∗ 1 3D convolution layer will generate xmθy output feature-maps, where 0 < θ ≤ 1

is the compression factor. When θ < 1, we name the 3D-DenseNet as 3D-DenseNet-C.
In our experiment, we set the compression factor θ to 0.5. The network with both a 3D
bottleneck layer and a compression factor less than 1 is called 3D-DenseNet-BC.
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3.3 Implementation Details

In our experiments, two different settings (general and lite) are used for our 3D-DenseNet.
Each setting has two different versions, 3D-DenseNet and 3D-DenseNet-BC. For each
setting, 3D-Densenet has three dense blocks with the same numbers of layers. As we can
see in Table 3.1, we use a 3D convolution layer with kernel size 3 ∗ 3 ∗ 3 on the input
images before we enter the first dense block. The output channel for this convolution
layer is twice the growth rate for 3D-DenseNet. For each convolution layer inside the
dense block, each side of the input is zero padded (Figure 3.2) by one pixel to keep
a fixed-size feature-map. The transition layer between two dense blocks consists of a
1 ∗ 1 ∗ 1 convolution layer and a d ∗ 2 ∗ 2 average pooling layer, where d is 1 on the
first transition layer and 2 on the second transition layer. Inside the classification layer,
a global average pooling is used, follow by a softmax classifier. Table 3.2 presents the
general 3D-DenseNet-BC version of our model. Each dense block has one more 1 ∗ 1 ∗ 1
conv operation, compared with that of the general 3D-DenseNet in order to mitigate
overfitting and reduce the training parameters.

Layers Output Size 3D-DenseNet-20(k=12) 3D-DenseNet-40(k=12)

3D Convolution 16 ∗ 100 ∗ 100 3 ∗ 3 ∗ 3 conv

Dense Block 1 16 ∗ 100 ∗ 100
[
3 ∗ 3 ∗ 3 conv

]
∗ 5

[
3 ∗ 3 ∗ 3 conv

]
∗ 12

Transition Layer 1
16 ∗ 100 ∗ 100 1 ∗ 1 ∗ 1 conv
16 ∗ 50 ∗ 50 1 ∗ 2 ∗ 2 average pool

Dense Block 2 16 ∗ 50 ∗ 50
[
3 ∗ 3 ∗ 3 conv

]
∗ 5

[
3 ∗ 3 ∗ 3 conv

]
∗ 12

Transition Layer 2
16 ∗ 50 ∗ 50 1 ∗ 1 ∗ 1 conv
8 ∗ 25 ∗ 25 2 ∗ 2 ∗ 2 average pool

Dense Block 3 8 ∗ 25 ∗ 25
[
3 ∗ 3 ∗ 3 conv

]
∗ 5

[
3 ∗ 3 ∗ 3 conv

]
∗ 12

Classification Layer
1 ∗ 1 ∗ 1 8 ∗ 25 ∗ 25 average pool

fully connected
classification and softmax

Table 3.1: General 3D-DenseNet architecture. Each "conv" layer shown in the table
represents a sequence of BN-ReLU-3DConvolution operations

Table 3.3 and 3.4 show the lite setting of 3D-DenseNet. We change the input size
from 16 ∗ 100 ∗ 100 to 16 ∗ 128 ∗ 128, compared with that of the general 3D-DenseNet,
and we also add a 3D pooling layer right after the first 3D convolution layer. The kernel
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Layers Output Size 3D-DenseNet-BC-20(k=12) 3D-DenseNet-BC-40(k=12)

3D Convolution 16 ∗ 100 ∗ 100 3 ∗ 3 ∗ 3 conv

Dense Block 1 16 ∗ 100 ∗ 100

[
1 ∗ 1 ∗ 1 conv

3 ∗ 3 ∗ 3 conv

]
∗ 2

[
1 ∗ 1 ∗ 1 conv

3 ∗ 3 ∗ 3 conv

]
∗ 6

Transition Layer 1
16 ∗ 100 ∗ 100 1 ∗ 1 ∗ 1 conv
16 ∗ 50 ∗ 50 1 ∗ 2 ∗ 2 average pool

Dense Block 2 16 ∗ 50 ∗ 50

[
1 ∗ 1 ∗ 1 conv

3 ∗ 3 ∗ 3 conv

]
∗ 2

[
1 ∗ 1 ∗ 1 conv

3 ∗ 3 ∗ 3 conv

]
∗ 6

Transition Layer 2
16 ∗ 50 ∗ 50 1 ∗ 1 ∗ 1 conv
8 ∗ 25 ∗ 25 2 ∗ 2 ∗ 2 average pool

Dense Block 3 8 ∗ 25 ∗ 25

[
1 ∗ 1 ∗ 1 conv

3 ∗ 3 ∗ 3 conv

]
∗ 2

[
1 ∗ 1 ∗ 1 conv

3 ∗ 3 ∗ 3 conv

]
∗ 6

Classification Layer
1 ∗ 1 ∗ 1 8 ∗ 25 ∗ 25 average pool

fully connected
classification and softmax

Table 3.2: General 3D-DenseNet-BC architecture. Each "conv" layer shown in the table
represents a sequence of BN-ReLU-3DConvolution operations

size of the first 3D convolution has been changed to 7 ∗ 7 ∗ 7 with stride 1 ∗ 2 ∗ 2. Notice
that the depth dimension of the stride for the first 3D convolution and 3D pooling layer
is always 1 because we want to keep as many temporal information as possible at the
beginning for better accuracy. This 3D-DenseNet is called lite 3D-DenseNet because it
requires less GPU memory than the general 3D-DenseNet does, with the same depth and
growth rate setting.

37



Layers Output Size 3D-DenseNet-20(k=12) 3D-DenseNet-40(k=12)

3D Convolution 16 ∗ 64 ∗ 64 7 ∗ 7 ∗ 7 conv with stride 1 ∗ 2 ∗ 2
3D Pooling 16 ∗ 32 ∗ 32 3 ∗ 3 ∗ 3 average pool with stride 1 ∗ 2 ∗ 2
Dense Block 1 16 ∗ 32 ∗ 32

[
3 ∗ 3 ∗ 3 conv

]
∗ 5

[
3 ∗ 3 ∗ 3 conv

]
∗ 12

Transition Layer 1
16 ∗ 32 ∗ 32 1 ∗ 1 ∗ 1 conv
8 ∗ 16 ∗ 16 2 ∗ 2 ∗ 2 average pool

Dense Block 2 8 ∗ 16 ∗ 16
[
3 ∗ 3 ∗ 3 conv

]
∗ 5

[
3 ∗ 3 ∗ 3 conv

]
∗ 12

Transition Layer 2
8 ∗ 16 ∗ 16 1 ∗ 1 ∗ 1 conv
4 ∗ 8 ∗ 8 2 ∗ 2 ∗ 2 average pool

Dense Block 3 4 ∗ 8 ∗ 8
[
3 ∗ 3 ∗ 3 conv

]
∗ 5

[
3 ∗ 3 ∗ 3 conv

]
∗ 12

Classification Layer
1 ∗ 1 ∗ 1 4 ∗ 8 ∗ 8 average pool

fully connected
classification and softmax

Table 3.3: Lite 3D-DenseNet architecture. Each "conv" layer shown in the table repre-
sents a sequence of BN-ReLU-3DConvolution operations
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Layers Output Size 3D-DenseNet-BC-20(k=12) 3D-DenseNet-BC-40(k=12)

3D Convolution 16 ∗ 64 ∗ 64 7 ∗ 7 ∗ 7 conv with stride 1 ∗ 2 ∗ 2
Pooling 16 ∗ 32 ∗ 32 3 ∗ 3 ∗ 3 average pool with stride 1 ∗ 2 ∗ 2

Dense Block 1 16 ∗ 32 ∗ 32

[
1 ∗ 1 ∗ 1 conv

3 ∗ 3 ∗ 3 conv

]
∗ 2

[
1 ∗ 1 ∗ 1 conv

3 ∗ 3 ∗ 3 conv

]
∗ 6

Transition Layer 1
16 ∗ 32 ∗ 32 1 ∗ 1 ∗ 1 conv
8 ∗ 16 ∗ 16 2 ∗ 2 ∗ 2 average pool

Dense Block 2 8 ∗ 16 ∗ 16

[
1 ∗ 1 ∗ 1 conv

3 ∗ 3 ∗ 3 conv

]
∗ 2

[
1 ∗ 1 ∗ 1 conv

3 ∗ 3 ∗ 3 conv

]
∗ 6

Transition Layer 2
8 ∗ 16 ∗ 16 1 ∗ 1 ∗ 1 conv
4 ∗ 8 ∗ 8 2 ∗ 2 ∗ 2 average pool

Dense Block 3 4 ∗ 8 ∗ 8

[
1 ∗ 1 ∗ 1 conv

3 ∗ 3 ∗ 3 conv

]
∗ 2

[
1 ∗ 1 ∗ 1 conv

3 ∗ 3 ∗ 3 conv

]
∗ 6

Classification Layer
1 ∗ 1 ∗ 1 4 ∗ 8 ∗ 8 average pool

fully connected
classification and softmax

Table 3.4: Lite 3D-DenseNet-BC architecture. Each "conv" layer shown in the table
represents a sequence of BN-ReLU-3DConvolution operations
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Chapter 4

Experiments

We present here the experiment results of our model when applying different parameter
settings. The implementation setting can be found in Table 4.1 and the classification
results on the MERL shopping dataset [69] and the KTH dataset [63] are shown in Table
4.2. All computations are done on an Intel i7-6800K 3.4GHZ PC with 32 GB RAM and
a NVIDIA TITAN X video card with 12 GB memory. The average training time for
each setting is one and a half days. The program is implemented in Python with Tensor-
Flow. (Code implementation can be found on Github: https://github.com/frankgu/3d-
DenseNet and code readme can be found in Appendix B)
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4.1 Dataset Pre-processing

For each video in the dataset, we transform the video data into a sequence of image
data with a 25 fps rate, as shown in Figure 4.2. The folder structure of the dataset is as
follows:

{Dataset Name} -> {Action Name} -> {Video Name} -> {number.png}
One folder structure from the MERL dataset after we transform the video to sequence
of images can be

merl -> Hand_In_Shelf -> 1_1_1
The data split of the MERL dataset follows the same rule as that in [69]. Subjects with
an id of 1 to 20 belong to the training set, and id of 21 to 26 to the validation set, and id
of 27 to 41 to the testing set. In addition, we use the HOG [10] people detector on KTH

to extract the bounding box of a person as the input of our network. Image examples
can be found in Figure 4.1.

Figure 4.1: Bounding box of people for the KTH dataset [63].

Figure 4.2: With a 25 fps rate, the top view video clip with a length of 1 second will be
transformed into a 25-image sequence.
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4.2 Accuracy

Figure 4.3: Workflow of 3D-DenseNet.

Figure 4.3 gives an example of the 3D-DenseNet workflow. A video clip in the figure
consists of 16 sequential images. We can use this video clip as the input for 3D-DenseNet
and 3D-DenseNet will generate a prediction, which is the name of the action, for this
video clip. If the prediction matches the ground truth, then we increase the correct count
by one. Overall, the accuracy of 3D-DenseNet is equal to the correct count divided by
the total number of detection.
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Figure 4.4: Detection examples of 3D-DenseNet. a) is a successful detection of hand in
shelf action. b) is a failure detection of retracting from shelf action.

Figure 4.4 gives a success and a fail detection example of 3D-DenseNet. Part a) shows
a successful detection of hand in shelf action, the input is a video clip with hand in shelf
action and the model prediction is hand in shelf. Part b) shows an unsuccessful detection
of retracting from shelf action, the input is a video clip with retract from shelf action
and the model prediction is inspecting product, which does not match the input action.

4.3 Training

The training procedure has been done using stochastic gradient descent. Because of
limitations in GPU memory, the crop size of the video, which is the (width, height) of
the image, has been set to (64, 64), (100, 100), or a larger value accordingly, and the
batch size has been set to 4, 6, 8, or 10 according to the growth rate and the depth of
the network; the higher are the growth rate and depth, the lower are the crop size and
batch size. The number of training epoch is 70 for both the MERL and KTH datasets.
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The initial learning rate is 0.1, and it will decrease to 0.01 at 30 epochs and 0.001 at 55
epochs. All parameter settings for our network can be found in Table 4.1.

With the idea from [23] followed, a weight decay of 10−4 has been applied for all the
weights, and a Nesterov momentum [75] of 0.9 without dampening has been used in our
model. The initialization operation takes the idea from [27]. The test accuracy will be
evaluated once for each training epoch.

Growth
Rate

Depth
Batch
Size

Crop Size
Sequence
Length

(1)General 3D-DenseNet 12 20 10 (100, 100) 16

(2)General 3D-DenseNet-BC 12 20 10 (100, 100) 16

(3)General 3D-DenseNet-BC 12 20 10 (64, 128) 16

(4)General 3D-DenseNet-BC 12 40 10 (64, 64) 16

(5)General 3D-DenseNet-BC 24 20 10 (100, 100) 16

(6)General 3D-DenseNet-BC 24 30 4 (64, 128) 32

(7)General 3D-DenseNet-BC 24 30 8 (64, 128) 16

(8)General 3D-DenseNet-BC 24 40 8 (64, 64) 16

(9)Lite 3D-DenseNet-BC 12 20 10 (128, 128) 16

(10)Lite 3D-DenseNet-BC 24 40 10 (128, 128) 16

(11)Lite 3D-DenseNet-BC 24 40 10 (256, 128) 32

(12)Lite 3D-DenseNet-BC 24 40 10 (256, 256) 16

(13)Lite 3D-DenseNet-BC 24 40 10 (288, 188) 16

(14)Lite 3D-DenseNet-BC 24 40 6 (400, 256) 16

(15)Lite 3D-DenseNet-BC 24 100 10 (128, 128) 16

Table 4.1: Growth rate, Depth, Batch size, Crop size and Sequence length values for
3D-DenseNet. The number at the beginning is the reference number used in Table 4.2.

4.4 TensorFlow Implementation Details

In this section, we will explain the implementation details of our general 3D-DenseNet-
BC network (Table 3.2 with depth 20) by expanding Figure 4.11. Each node will be
expanded, and the operations inside the node will be introduced.
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Figure 4.5: The first 3D convolution layer of the general 3D-DenseNet-BC network.

The initial convolution (Figure 4.5) node takes the video clip as input and applies
the 3D convolution operation, as shown in section 3.1.1. The kernel node represents the
weights of the 3D convolution.
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Figure 4.6: The block layer of the general 3D-DenseNet-BC network.
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Figure 4.7: The composite function inside block layer in Figure 4.6.
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Figure 4.8: The bottleneck layer inside block layer in Figure 4.6.

The block (Figure 4.6) consists of two layers, with each layer taking the output
from the previous layer as the input, and processing the data with two functions, the
bottleneck function (Figure 4.8) and the composite function (Figure 4.7). Both of these
functions have BN, ReLU, and 3D convolution operations; they are almost identical to
each other, except that the 3D convolution operation inside the bottleneck function has
a kernel size 1 instead of 3 in the composite function. The concat operation inside each
layer concatenates the input of this layer and the output from the composite function
along the last dimension to create the output of this layer.
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Figure 4.9: The Transition layer after each block of the general 3D-DenseNet-BC network.

The transition (Figure 4.9) layer after each block has a composite function, followed
by a 3D average pooling operation. The composite function is the same as the composite
function inside the layer we described above. The 3D pooling operation has a kernel with
size 1 ∗ 2 ∗ 2 (depth * height * width) at the first transition layer and a kernel with size
2 ∗ 2 ∗ 2 at the second transition layer.
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Figure 4.10: The Transition layer after the last block of the general 3D-DenseNet-BC
network.

Transition to classes (Figure 4.10) is the transition layer right after the last block
of the network. It takes the output from the last block as input and performs BN, ReLU,
and 3D pooling operations sequentially. The 3D pooling operation will flatten the data
into a 1-D array and use this array as an input for the fully connected layer. This fully
connected layer connects the 1-D array and the number of classes to produce the score
of each class.

Softmax and prediction operations normalize the score of each class and produce
the prediction result.
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Figure 4.11: TensorFlow main graph of the general 3D-DenseNet-BC network.
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4.5 Classification Results

We train 3D-DenseNets with different depths, d, and growth rates, k. The main results
on the MERL shopping and KTH datasets are shown in Table 4.2. We use boldface to
highlight the best result on both datasets.

Method
Growth Rate

(k)
Depth
(d)

Params MERL KTH

(1)General 3D-DenseNet 12 20 0.6M 75.54% -
(2)General 3D-DenseNet-BC 12 20 0.1M 75.59% -
(3)General 3D-DenseNet-BC 12 20 0.1M - 87.01%
(4)General 3D-DenseNet-BC 12 40 0.4M 76.98% -
(5)General 3D-DenseNet-BC 24 20 0.4M 77.32% -
(6)General 3D-DenseNet-BC 24 30 0.9M - 90.56%
(7)General 3D-DenseNet-BC 24 30 0.9M - 89.59%
(8)General 3D-DenseNet-BC 24 40 1.4M 78.22% -
(9)Lite 3D-DenseNet-BC 12 20 0.1M 70.46% -
(10)Lite 3D-DenseNet-BC 24 40 1.5M 73.31% -
(11)Lite 3D-DenseNet-BC 24 40 1.5M 84.32% -
(12)Lite 3D-DenseNet-BC 24 40 1.5M 78.35% -
(13)Lite 3D-DenseNet-BC 24 40 1.5M 78.63% -
(14)Lite 3D-DenseNet-BC 24 40 1.5M 79.91% -
(15)Lite 3D-DenseNet-BC 24 100 5.1M 72.50% -

Table 4.2: Mean accuracy precision (%) on the MERL shopping and KTH datasets. d
denotes the network depth, and k is the growth rate. The number at the beginning of
each network is the reference number that corresponds to the number in Table 4.1. In
addition, all experiment graphs can be found in Appendix A. The best results are in
bold.
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Method MERL KTH

Two-Stream [64] 65.21% -
MSB-RNN [69] 80.31% -

Niebles et al. [55] - 81.50%
Jhuang et al. [35] - 91.70%

(6)General 3D-DenseNet-BC - 90.56%
(11)Lite 3D-DenseNet-BC 84.32% -

Table 4.3: Comparison of performance of our 3D-DenseNet with previous action detection
methods on the MERL shopping and KTH dataset. Mean Average Precision (%) is
reported. The number at the beginning of each network is the reference number that
corresponds to the number in Table 4.2. The best results are in bold.

Testing. Notice that our testing dataset for MERL follows the same splitting rate as
that in [69]. MERL has 41 subjects in total. Subjects 1 to 20 have 60 videos, and they
belong to the training set. Subjects 21 to 26 belong to the validation set, and subjects
27 to 41 belong to the testing set. For the KTH dataset, we use the first 16 subjects as
the training set and the last 9 ones as the testing set.

Accuracy. According to Table 4.3, our best result on the MERL dataset performs
better than the existing state-of-the-art method by 4%. Notably, our network takes only
the RGB image as input instead of the four different channels shown in MSB-RNN [69].
Our method also achieves a competitive result (90.56%) on the KTH dataset and has the
potential to reach a higher accuracy by testing different configurations of the network.
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Figure 4.12: The MERL dataset: The test mean accuracy precision of all general 3D-
DenseNet-BC networks. green (reference 2 in Table 4.2): k = 12, d = 20. lime (reference
5 in Table 4.2): k = 24, d = 20. violet (reference 8 in Table 4.2): k = 24, d = 40. yellow
(reference 4 in Table 4.2): k = 12, d = 40.

Capacity. By analyzing Table 4.2, we can observe the general trend that 3D-
DenseNets perform better as k and d increase (Figure 4.12). We believe that this is
primarily due to the growth in model capacity, which is the parameters column in Table
4.2. Examples can be found in the MERL column. In MERL, the mean accuracy preci-
sion increases from 75.59% to 76.98% and finally to 78.22% as the number of parameters
increases from 0.1M , over 0.4M to 1.4M . In the KTH dataset, we notice a similar trend.
This observation shows that 3D-DenseNets can use the increased representational power
of larger and deeper models.
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Figure 4.13: The MERL dataset: The test mean accuracy precision of lite 3D-DenseNet-
BC with k = 24, d = 40 (violet: reference 10 in Table 4.2) and lite 3D-DenseNet-BC with
k = 24, d = 100 (cyan: reference 15 in Table 4.2). The x axis represents the number of
epochs, and the y axis represents the mean accuracy precision.

Overfitting. In the MERL dataset, we notice that the accuracy of the lite 3D-
DenseNet-BC model decreases from 73.31% to 72.50% as the number of parameters
increases from 1.5M to 5.1M . This result is probably caused by overfitting. However,
the accuracy difference is less than 1% (Figure 4.13) compared with the 3x difference in
the number of parameters, indicating that the 3D-DenseNet bottleneck and compression
layers are likely an effective way to reduce overfitting.
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Figure 4.14: The MERL dataset: Comparison between the general 3D-DenseNet (blue:
reference 1 in Table 4.2), the general 3D-DenseNet-BC (green: reference 2 in Table 4.2),
and lite 3D-DenseNet-BC (orange: reference 9 in Table 4.2). The x axis represents
the number of epochs and the y axis represents the mean accuracy precision. a) is the
training accuracy and b) is the testing accuracy.

Parameter Efficiency. The general 3D-DenseNet and general 3D-DenseNet-BC
both have the same growth rate and depth. However, bottleneck and compression reduce
the number of parameters from 0.6M to 0.1M while keeping the same level of accuracy as
shown in Figure 4.14 b. The blue line (general 3D-DenseNet) and the green line (general
3D-DenseNet-BC) almost overlap with each other in terms of accuracy. This observation
shows that bottleneck and compression layers can increase parameter efficiency and reach
a higher accuracy with the same level of parameters.
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Figure 4.15: The MERL dataset: Comparison between two lite 3D-DenseNets with
different crop sizes. Both of the lite 3D-DenseNets have the same depth (40) and growth
rate (24). The red line is lite 3D-DenseNet-BC with (256, 256) crop size, and the violet
is lite 3D-DenseNet-BC with (128, 128) crop size.

Information loss. In Figure 4.14, we observe that the general 3D-DenseNet-BC
(green) and lite 3D-DenseNet-BC (orange) have the same depth and growth rate but
their accuracies are quite different. We believe that this occurs because lite 3D-DenseNet
has a 3D convolution layer with a stride of 1 ∗ 2 ∗ 2, followed by a 3D pooling layer at
the beginning of the network, which reduce the size of the input too early and cause
information loss. To avoid information loss, we can also increase the crop size of the
input image. In Figure 4.15, when we change the crop size from (128, 128) to (256, 256),
the performance increases by around 5%.

It is worth noting that our program is implemented in TensorFlow. All models
need to be loaded on the GPU memory before we train our network. The size of the
GPU memory limits the possibility of testing a deeper networks or a larger growth rate.
More extensive hyper-parameter searches may further improve the performance of 3D-
DenseNet. In addition, we also repeat some experiments and find that the accuracy
result tends to fluctuate slightly (±1%).
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Chapter 5

Summary and Conclusion

5.1 Summary

The approach presented in this thesis is drawn from the DenseNet architecture from [32]
and expands it to 3D-DenseNet by adding a temporal dimension to all the convolution
and pooling layers in DenseNet for action recognition. The direct connections between
any two layers enable 3D-DenseNet to scale to hundreds of layers with no optimization
difficulties. Our experiment focuses on the MERL shopping dataset. By testing multiple
configurations, 3D-DenseNet has been able to performs better than the state-of-the-art
method on the MERL shopping dataset and achieves competitive results on the KTH
dataset. In addition, our method can not only tackle human shopping actions, but also
has the potential to apply on other actions, such as abnormal behaviors, for security
monitoring.

58



5.1.1 Limitations

In general, 3D-DenseNet performs better than the state-of-the-art method on the MERL
shopping dataset, but has a rigid temporal structure. We need to predefine the sequence
length. This process may not work well on some actions that happen within a small
amount of time or have different speeds. Another limitation of 3D-DenseNet is the
important requirement of GPU memory because the depth of our model is significantly
larger than general deep networks, and our input source is video clips instead of images.
We need to use a small batch size and resize the video so that we can successfully train
our model.

5.1.2 Future works

One potential future work for 3D-DenseNet is trying a deeper networks. DenseNet
[32] has reached 250 layers on image classification. According to our experiment, 3D-
DenseNet tends to yield a consistent improvement in accuracy with an increasing number
of depth and growth rate, without performance degradation or overfitting. Another fu-
ture work on 3D-DenseNet can be the use of a multi-stream network [69] as input, such
as optical flow or audio clues. The state-of-the-art method [69] of the MERL shopping
dataset proposes a multi-stream network that uses four different streams of information
to boost the performance significantly. The first and second streams of [69] are the orig-
inal RGB image and segmentation of RGB image. The third and fourth streams of [69]
are the pixel trajectory and segmentation of pixel trajectory.
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Appendix A

Experiment result

In the chapter, we append the training accuracy, validation (testing) accuracy during
training, training loss and validation (testing) loss of all 3D-DenseNets shown in Table
4.2.

71



Figure A.1: The result of 3D-DenseNet with reference number 1 in Table 4.2
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Figure A.2: The result of 3D-DenseNet with reference number 2 in Table 4.2
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Figure A.3: The result of 3D-DenseNet with reference number 3 in Table 4.2
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Figure A.4: The result of 3D-DenseNet with reference number 4 in Table 4.2
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Figure A.5: The result of 3D-DenseNet with reference number 5 in Table 4.2
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Figure A.6: The result of 3D-DenseNet with reference number 6 in Table 4.2
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Figure A.7: The result of 3D-DenseNet with reference number 7 in Table 4.2
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Figure A.8: The result of 3D-DenseNet with reference number 8 in Table 4.2
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Figure A.9: The result of 3D-DenseNet with reference number 9 in Table 4.2
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Figure A.10: The result of 3D-DenseNet with reference number 10 in Table 4.2
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Figure A.11: The result of 3D-DenseNet with reference number 11 in Table 4.2
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Figure A.12: The result of 3D-DenseNet with reference number 12 in Table 4.2
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Figure A.13: The result of 3D-DenseNet with reference number 13 in Table 4.2
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Figure A.14: The result of 3D-DenseNet with reference number 14 in Table 4.2
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Figure A.15: The result of 3D-DenseNet with reference number 15 in Table 4.2

86



Appendix B

Code implementation readme

Reference link: https://github.com/frankgu/3d-DenseNet

B.1 3D-DenseNet with TensorFlow

Expand the Densely Connected Convolutional Networks DenseNets to 3D-DenseNet for
action recognition (video classification):

1. 3D-DenseNet - without bottleneck layers

2. 3D-DenseNet-BC - with bottleneck layers

3. Each model can be tested on such datasets:

• KTH
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• MERL

• UCF101

A number of layers, blocks, growth rate, video normalization and other training
params may be changed trough shell or inside the source code.

B.1.1 Pre-request libraries

• python2

• tensorflow 1.0

• opencv2 for python2

B.1.1.1 Step 1: Data preparation (UCF dataset example)

1. Download the UCF101 (Action Recognition Data Set).

2. Extract the UCF101.rar file and you will get ../UCF101/<action_name>/<video_name.avi>
folder structure.

3. Use the ./data_prepare/convert_video_to_images.sh script to decode the UCF101
video files to image files.

4. Use the ./data_prepare/convert_images_to_list.sh script to create/update the
train,test.list according to the new UCF101 image folder structure generated from
last step (from images to files).

• run ./data_prepare/convert_images_to_list.sh .../UCF101 4, this will up-
date the test.list and train.list files (number 4 means the ratio of test and
train data is 1/4)

5. Copy/Cut the test.list and train.list files to the root of video folder (../UCF101).
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B.1.2 Step 2: Train or Test the model

Optional arguments Description

-h, –help show this help message and exit

–train Train the model

–test Test model for required dataset if pretrained model exists.

–model_type What type of model to use (default: DenseNet3D-BC)

–growth_rate Depth of whole network, restricted to paper choices (default: 40)

–dataset Path to the dataset

–total_blocks Total blocks of layers stack (default: 3)

–keep_prob Keep probability for dropout.

–gpu_id Specify the gpu ID to run the program

–weight_decay Weight decay for optimizer (default: 0.0001)

–nesterov_momentum Nesterov momentum (default: 0.9)

–reduction reduction Theta at transition layer for DenseNet3D-BC models

–logs Write tensorflow logs

–no-logs Do not write tensorflow logs

–saves Save model during training

–no-saves Do not save model during training

–renew-logs Erase previous logs for model if exists.

–not-renew-logs Do not erase previous logs for model if exists.

Table B.1: Program optional arguments

• Check the training help message in Table B.1

– python run_dense_net_3d.py -h

• Example: Train and test the program

– python run_dense_net_3d.py -train -test -ds path/to/video_folder
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