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In the preceding image, multiple locations such as head, neck, shoulders, ankles, and hands
were detected. This can be extended to all human parts. The regression we learned could be
used for this application. Here is an example of fiducial point detection:

Fiducial points are landmarks on the face with respect to the location of the eyes, nose, and
lips. Finding these landmarks are vital for face-based augmented reality applications. There
are some more landmarks available in the face and will be covered in detail in Chapter 6,
Similarity Learning, in the context of face recognition.

Combining regression with the sliding window

The classification score is computed for every window in the sliding window approach or
the fully convolutional approach to know what object is present in that window. Instead of
predicting the classification score for every window to detect an object, each window itself
can be predicted with a classification score. Combining all the ideas such as sliding
window, scale-space, full convolution, and regression give superior results than any
individual approach. The following are the top five localization error rates on the ImageNet
dataset achieved by various networks using the regression approach:
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The preceding graph shows that the deeper the network, the better the results. For AlexNet,
localization methods were not described in the paper. The OverFeat used multi-scale
convolutional regression with box merging. VGG used localization but with fewer scales
and location. These gains are attributed to deep features. The ResNet uses a different
localization method and much deeper features.

The regression encoder and classification encoder function independently. Hence there is a
possibility of predicting an incorrect label for a bounding box. This problem can be
overcome by attaching the regression encoder at different layers. This method could also be
used for multiple objects hence solving the object detection problem. Given an image, find
all instances in that. It's hard to treat detection as regression because the number of outputs
are variable. One image may have two objects and another may have three or more. In the
next section, we will see the algorithms dealing with detection problems more effectively.
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Detecting objects

There are several variants of object detection algorithms. A few algorithms that come with
the object detection API are discussed here.

Regions of the convolutional neural network (R-
CNN)

The first work in this series was regions for CNNs proposed by Girshick et al.(https://
arxiv.org/pdf/1311.2524.pdf) . It proposes a few boxes and checks whether any of the
boxes correspond to the ground truth. Selective search was used for these region proposals.
Selective search proposes the regions by grouping the color/texture of windows of various
sizes. The selective search looks for blob-like structures. It starts with a pixel and produces a
blob at a higher scale. It produces around 2,000 region proposals. This region proposal is
less when compared to all the sliding windows possible.

The proposals are resized and passed through a standard CNN architecture such as
Alexnet/VGG/Inception/ResNet. The last layer of the CNN is trained with an SVM
identifying the object with a no-object class. The boxes are further improved by tightening
the boxes around the images. A linear regression model to predict a closer bounding box is
trained with object region proposals. The architecture of R-CNN is shown here:

4 aeroplane? no.
’ :
% > person? yes.

. CNNN,

1. Input 2. Extract region 3. Compute 4. Classify
image  proposals (~2k) CNN features regions

Reproduced with permission from Girshick et al.

The encoder can be a pre-trained model of a standard deep learning model. The features are
computed for all the regions from the training data. The features are stored and then the
SVM is trained. Next, the bounding boxes are trained with the normalized coordinates.
There may be some proposals outside the image coordinates and hence it is normalized for
training and inference.
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The disadvantages of this method are:

* Several proposals are formed by selective search and hence many inferences have
to be computed, usually around 2,000

e There are three classifiers that have to be trained, which increases the number of
parameters

e There is no end-to-end training

Fast R-CNN

The Fast R-CNN proposed by Girshick et al. (https://arxiv.org/pdf/1504.08083.
paf)method runs CNN inference only once and hence reduces computations. The output of
the CNN is used to propose the networks and select the bounding box. It introduced a
technique called Region of Interest pooling. The Region of Interest pooling takes the CNN
features and pools them together according to the regions. The features obtained after the
inference using CNN is pooled and regions are selected, as shown in the following image:

Pt bbox
softmax reg"ressor
Rol FC FC
i
Rol feature
feature map VECTOr 1o, uoch kol

Reproduced with permission from Girshick et al.

This way, an end-to-end training is performed, avoiding multiple classifiers. Note that the
SVM is replaced by the softmax layer and the box regressor is replaced by bounding box
regressors. The disadvantage that still remains is the selective search, which takes some

time.
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Faster R-CNN

Faster R-CNN is proposed by Ren et al. (https: //arxiv.org/pdf/1506.01497.pdf). The
difference between Faster R-CNN and the Fast R-CNN method is that the Faster R-CNN
uses CNN features of architecture such as VGG and Inception for proposals instead of
selective search. The CNN features are further passed through the region proposal network.
A sliding window is passed through features with potential bounding boxes and scores as
the output, as well as a few aspect ratios that are intuitive, the model outputs bounding box
and score:

2k scores. ‘_-—| 4k coordinates <SFEs k anchor boxes

cls Iayer\ ’ reg layer ‘ _. ‘
—

[ 256-d I
t intermediate layer

sliding window =l

conv feature map

Reproduced with permission from Ren'et al.

Faster R-CNN is faster than Fast R-CNN as it saves computation by computing the feature
only once.

Single shot multi-box detector

SSD (Single shot multi-box) is proposed by is the fastest of all the methods. This method
simultaneously predicts the object and finds the bounding box. During training, there might
be a lot of negatives and hence hard-negative mining the class imbalance. The output from
CNN has various sizes of features. These are passed to a 3x3 convolutional filter to predict
bounding box.
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This step predicts the object and bounding box:
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Reproduced with permission from Liu et al.

These are the algorithms available for object detection and we will learn how to implement
them in the following section.

Object detection API

Google released pre-trained models with various algorithms trained on the coco dataset for
public use. The APl is built on top of TensorFlow and intended for constructing, training,
and deploying object detection models. The APIs support both object detection and
localization tasks. The availability of pre-trained models enables the fine-tuning of new data
and hence making the training faster. These different models have trade-offs between speed

and accuracy.

Installation and setup

Install the Protocol Buffers (protobuf) compiler with the following commands. Create a
directory for protobuf and download the library directly:

mkdir protoc_3.3

cd protoc_3.3
wget https://github.com/google/protobuf/releases/download/v3.3.0/protoc-3.

3.0-1linux-xB86_64.zip
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Change the permission of the folder and extract the contents, as shown here:

chmod 775 protoc-3.3.0-linux-x86_64.zip
unzip protoc-3.3.0-linux-x86_64.zip

Protocol Buffers (protobuf) is Google's language-neutral, platform-neutral, extensible
mechanism for serializing structured data. It serves the use of XML but is much simpler and
faster. The models are usually exported to this format in TensorFlow. One can define the
data structure once but can be read or written in a variety of languages. Then run the
following command to compile the protobufs. Move back to the working folder and clone
the repo from https://github.com/tensorflow/models.git and move them to the
following folder:

git clone https://github.com/tensorflow/models.git

Now, move the model to the research folder, using the following code:

cd models/research/
~/protoc_3.3/bin/protoc object_detection/protos/*.proto ——python_out=.

The TensorFlow object detection API uses protobufs for exporting model weights and the
training parameters. The TensorFlow, models, research, and slim directories should be
appended to PYTHONPATH by the following command:

export PYTHONPATH=.:./slim/

Adding to the python path with the preceding command works only one time. For the next,
this command has to be run again. The installation can be tested by running the following
code:

python object_detection/builders/model_builder_test.py
The output of this code is given here:

Ran 7 tests in 0.022s

OK

More information about the installation can be obtained from https://
github.com/tensorflow/models/blob/master/research/object_
detection/g3doc/installation.md. Now the installation is complete and
tested.
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f’_pre-trained models

There are several models that are pre-trained and made available. All these models are
trained on the coco dataset and can be used for detecting the objects that are available in
the COCO dataset such as humans and cars. These models are also useful for transfer
learning for a new task such as traffic sign detection. A table of pre-trained models is shown
here with relative speed and mAP on the coco dataset. Various algorithms are trained with
different CNN and are depicted in the names:

Model name Speed |COCO mAP
—;;;jmobilenet_vi_coco fast 21
.;—s_d__inception_VZ_coco fast 24
rfcn_resnetl0l_coco medium | 30
faster_rcnn_resnet101_coco medium | 32
‘;a_ster_rcnn_inception_resnet_vz_atrous_coco slow 37

Based on the requirement, you can choose from the model. Download the SSD model
trained on Mobilenet and extract it as shown here by going to the working directory:

mkdir Chapter04 && cd Chapter04

wget
http://download.tensorflow.org/models/object_detection/ssd_mobilenet_vil_coc
o_11_06_2017.tar.gz

tar -xzvf ssd_mobilenet_vwl_coco_11_06_2017.tar.gz

There will be various files in the Chapter04 folder, which are listed here:

e The is the proto-definition of the graph—graph.pbtxt

» The weights of the graph frozen and can be used for
inference—frozen_inference_graph.pb

e Checkpoint files
® model .ckpt.data-00000-0f-00001

® model.ckpt.meta

* model.ckpt.index

This model will be used in the next section for detection tasks.
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Re-training object detection models

The same API lets us retrain a model for our custom dataset. Training of custom data
involves the preparation of a dataset, selecting the algorithm, and performing fine-tuning.
The whole pipeline can be passed as a parameter to the training script. The training data has
to be converted to TensorFlow records. TensorFlow records is a file format provided by
Google to make the reading of data faster than regular files. Now, we will go through the
steps of training.

Data preparation for the Pet dataset

The Oxford-IIIT pPet dataset is used for this example. Download the image and annotations
with these commands from the Chapter04 directory.

wget http://www.robots.ox.ac.uk/~vgg/data/pets/data/images.tar.gz
wget http://www.robots.ox.ac.uk/~vgg/data/pets/data/annotations.tar.gz

Extract the image and annotations as shown here:

tar -xvf images.tar.gz
tar -xvf annotations.tar.gz

Create the pet_t £ record file to create the dataset in the t f records, as they are the required
input for the object detection trainer. The label_map for the Pet dataset can be found at
object_detection/data/pet_label_map.pbtxt. Move to the research folder and run
the following command:

python object_detection/create_pet_tf_record.py \
~-label_map_path=object_detection/data/pet_label_map.pbtxt \
~-data_dir=~/chapterd/. \
——output_dir=~/chapterd/.

You can see two . record files in the research directory named pet_train.record and
pet_val.record.

Object detection training pipeline

The training protobuf has to be configured for training. The following five things are
important in this process:

¢ The model configuration with the type of model
o The train_config for standard training parameters
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e The eval_config for the metrics that have to be reported
¢ The train_input_ config for the dataset
¢ The eval_input_ config for the evaluation dataset

We will use the config file from https://github.com/tensorflow/models /blob/master/
research/object_detection/samples/configs/ssd_mobilenet_yl_pets.config.
Download it to the Chapter04 folder by running the following command. Open the
config file and edit the following lines:

fine_tune_checkpoint:
"~/Chapter04/ssd_mobilenet_vl_coco_11_06_2017/model.ckpt"

train_input_reader: {
tf _record_input_reader {
input_path: "~/Chapter04/pet_train.record"
}
label_map_path:
"~/model/research/object_detection/data/pet_label map.pbtxt"
}

eval_input_reader: {
tf_record_input_reader {
input_path: "~/Chapter04/pet_val.record"
}
label_map_path:
"~/model/research/object_detection/data/pet_label_map.pbtxt"
}

Save the config file. There are various parameters in the file that affect the accuracy of the
model.

Training the model

Now the API, data and config files are ready for re-training. The training can be triggered
by the following command:

PYTHONPATH=. :./slim/. python object_detection/train.py \
--logtostderr \ )
—-pipeline_config_path=~/chapter4/ssd_mobilenet_vl_pets.config \
—=train_dir=~/Chapter04

The training will start with a loss of around 140 and will keep decreasing. The training will
run forever and has to be killed manually by using the Ctrl + C command. The checkpoints
created during the training can be used for inference later.
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Monitoring loss and accuracy using TensorBoard

The training loss and accuracy can be monitored using TensorBoard. Run the TensorBoard
using the following command:

tensorboard --logdir=/home/ubuntu/Chapter04

Both training and evaluation can be visualized in the TensorBoard.

Training a pedestrian detection for a self-driving
car

The dataset for training a pedestrian object detection can be found at http://pascal.
inrialpes.fr/data/human/. The steps to detecting pedestrians can be found at https://
github.com/diegocavalca/machine-learning/blob/master/supervisioned/object.
detection_tensorflow/simple.detection.ipynb. The dataset for training a Sign Detector
can be downloaded from http://www.vision.ee.ethz.ch/~timofter/traffic_signs/
and http://btsd.ethz.ch/shareddata/. In the case of a self-driving car, there would be
four classes in an image for labeling: pedestrian, car, motorcycle, and background. The
background class has to be detected when none of the classes is present. An assumption in
training a deep learning classification model is that at least one of the objects will be present
in the image. By adding the background class, we are overcoming the problem. The neural
network can also produce a bounding box of the object from the label.

The YOLO object detection algorithm

A recent algorithm for object detection is You look only once (YOLO). The image is divided
into multiple grids. Each grid cell of the image runs the same algorithm. Let's start the
implementation by defining layers with initializers:

def pooling layer (input_layer, pool_size=[2, 2], strides=2,
padding='wvalid'):
layer = tf.layers.max_pooling2d(
inputs=input_layer,
pool_size=pool_size,
strides=strides,
padding=padding
)
add_variable_summary (layer, 'pooling')
return layer
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def convolution_layer (input_layer, filters, kernel_size=([3, 3],
padding='valid',
activation=tf.nn.leaky relu):
layer = tf.layers.convad(
inputs=input_layer,
filters=filters,
kernel_size=kernel_size,
activation=activation,
padding=padding,
weights_initializer=tf.truncated_normal_initializer (0.0, 0.01),
weights_regularizer=tf.12_regularizer (0.0005)
)
add_variable_summary(layer, 'convolution')
return layer

def dense_layer (input_layer, units, activation=tf.nn.leaky_relu):

layer = tf.layers.dense(
inputs=input_layer,
units=units,
activation=activation,
weights_initializer=tf.truncated_normal_initializer (0.0, 0.01),
weights_regularizer=tf.12_regularizer(0.0005)

)

add_variable_summary (layer, 'dense')

return layer

It can be noticed that the activation layer is 1eaky_relu and the weights are initialized
with truncated normal distribution. These modified layers can be used for building the
model. The model is created as follows:

yolo = tf.pad(images, np.array([{0, 0], [3, 3], [3, 31, [0, 0Q]1},
name="'pad_1") i
yolo = convolution_layer(yolo, 64, 7, 2)

yolo = pooling_layer(yole, [2, 2], 2, 'same')

yolo = convolution_layer(yoleo, 192, 3)

yolo = pooling_layer (yoclo, 2, 'same')

yolo = convolution_layer(yolo, 128, 1)

yolo = convolution_layer(yole, 256, 3)

yoloe = convolution_layer(yolo, 256, 1)

yolo = convolution_layer (yolo, 512, 3)

yolo = pooling layer(yolo, 2, 'same')

yolo = convolution_layer (yolo, 256, 1)

yolo = convolution_layer (yole, 512, 3)

yolo = convelution_layer (yolo, 256, 1)

yolo = convelution_layer (yolo, 512, 3)

yolo = convolution_layer (yolo, 256, 1)

yolo = convolution_layer(yolo, 512, 3)
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yolo = convolution_layer (yolo, 256, 1)
yole = convolution_layer(yole, 512, 3)
yolo = convolution_layer (yolo, 512, 1)
yolo = convolution_layer(yoleo, 1024, 3)
yolo = pooling_layer (yolo, 2)

yolo = convolution_layer (yole, 512, 1)
yolo = convolution_layer(yolo, 1024, 3)
yolo = convolution_layer (yolo, 512, 1)
yolo = convolution_layer (yolo, 1024, 3)
yolo = convolution_layer (yolo, 1024, 3)
yolo = tf.pad(yolo, np.array([([0, 0], (1, 1], [1, 11, [0, Ol]))
yolo = convolution_layer(yolo, 1024, 3, 2)
yolo = convelution_layer(yolo, 1024, 3)
yolo = convolution_layer (yolo, 1024, 3)
yolo = tf.transpose(yolo, [0, 3, 1, 2])
yolo = tf.layers.flatten(yolo)

yolo = dense_layer{yolo, 512)

yolo = dense_layer (yolo, 4096)

dropout_bool = tf.placeholder(tf.bool)
yolo = tf.layers.dropout(
inputs=yolo,
rate=0.4,
training=dropout_bool

)

yolo = dense_layer(yolo, output_size, None)

Several convolution layers are stacked, producing the YOLO network. This network
is utilized for creating the object detection algorithm for real-time detection.

Summary

In this chapter, we have learned the difference between object localization and detection
tasks. Several datasets and evaluation criteria were discussed. Various approaches to
localization problems and algorithms, such as variants of R-CNN and SSD models for
detection, were discussed. The implementation of detection in open-source repositories was
covered. We trained a model for pedestrian detection using the techniques. We also learned
about various trade-offs in training such models.

In the next chapter, we will learn about semantic segmentation algorithms. We will use the
knowledge to implement the segmentation algorithms for medical imaging and satellite
imagery problems.
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Semantic Segmentation

In this chapter, we will learn about various semantic segmentation techniques and train
models for the same. Segmentation is a pixel-wise classification task. The ideas to solve
segmentation problem is an extension to object detection problems. Segmentation is highly
useful in applications such medical and satellite image understanding.

The following topics will be covered in the chapter:

* Learning the difference between semantic segmentation and instance
segmentation

* Segmentation datasets and metrics

¢ Algorithms for semantic segmentation

* Application of segmentation to medical and satellite images
e Algorithms for instance segmentation

Predicting pixels

Image classification is the task of predicting labels or categories. Object detection is the task
of predicting a list of several deep learning-based algorithms with its corresponding
bounding box. The bounding box may have objects other than the detected object inside it.
In some applications, labeling every pixel to a label is important rather than bounding box
which may have multiple objects. Semantic segmentation is the task of predicting pixel-
wise labels. '




Video Classification

In this chapter, we will see how to train deep learning models for video data. We will start
classifying videos on a frame basis. Then, we will use the temporal information for better
accuracy. Later, we will extend the applications of images to videos, including pose
estimation, captioning, and generating videos.

We will cover the following topics in this chapter:

¢ The datasets and the algorithms of video classification

e Splitting a video into frames and classifying videos

¢ Training a model for visual features on an individual frame level 0
e Understanding 3D convolution and its use in videos

e Incorporating motion vectors on video

e Object tracking utilizing the temporal information

e Applications such as human pose estimation and video captioning

Understanding and classifying videos

A video is nothing but a series of images. Video brings a new dimension to the image along
the temporal direction. The spatial features of the images and temporal features of the video
can be put together, providing a better outcome than just the image. The extra dimension
also results in a lot of space and hence increases the complexity of training and inference.
The computational demands are extremely high for processing a video. Video also changes
the architecture of deep learning models as we have to consider the temporal features.




Video Classification

Video classification is the task of labeling a video with a category. A category can be on the
frame level or for the whole video. There could be actions or tasks performed in the video.
Hence, a video classification may label the objects present in the video or label the actions
happening in the video. In the next section, we will see the available datasets for video
classification tasks.

Exploring video classification datasets

Video classification is the major problem that is studied with video data. Several videos are
taken and labelled with various objects or actions that are associated with the data. The
datasets vary according to size, quality, and the type of labels. Some even include multiple
labels for video. The videos are rather usually short in length. A long video may have
various actions performed and hence can be segmented temporally, before classifying the
cut video segments or snippets individually. Next, we will consider the details of some
specific datasets.

UCF101

The University of Central Florida (UCF101) is a dataset for action recognition. The videos
are collected on YouTube and consist of realistic actions. There are 101 action categories
available in this dataset. There is another dataset called UCF50 which has 50 categories.
There are 13,320 videos in this dataset across the actions. The videos have a diversified
variation of background, scale, pose, occlusion, and illumination conditions. The action
categories are grouped into 25, which share similar variations such as the background, pose,
scale, viewpoint, illumination and so on.
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The actions and number of videos per action are shown here:
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All 101 actions are grouped into five types of actions as follows: Human-o
Body motion, Human-human interaction, Playing musical instrumen

dataset and annotation can be downloaded from http

Next, we will learn about the YouTube-8M dataset.
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YouTube-8M

e Number of video URLs: 7 million

e Hours of video clips: 450,000

e Number of class labels: 4,716

* Average number of labels per video: 3.4

Here is the summary of the dataset, across various genres:

The YouTube-8M dataset is for video classification problems. The dataset contains video
URLs with labels and visual features. Here are a few statistics about the dataset:

Arts & Entertainment
Games

536,977
516,450
454,191
405,671
297,605
251,334
230,440
3152,635

Pets & Animals
Hobbies & Leisure
Beauty & Fitness
Science

Shopping

Home & Garden
Internet & Telecom
Law & Government

Vertical

Travel 146,010
Reference 105,335
News 96,260

94,658
68,551

Jobs & Education
People & Society

Autos & Vehicles 2,011,589
Sports 1,447,979
Business & Industrial 874,156
Computers & Electronics 827,171
Food & Drink 824,111

4,457,871
2,802,230

(Unknown) 53,300
Books & Literature 35,373 ]
Health 24,880 Il
' Real Estate 1.766 |
Finance Lt : L .
104 10° 10° 107
Number of Videos

Source: htpsdfiresearch,google
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The preceding image can give a glimpse of the type of labels available in the dataset. The
video data is large and hence visual features are computed and provided with the dataset.
The dataset can be accessed through this link: https://research.google.com/youtubesm/ .

Other datasets

There are some more datasets available for video classification problems. Here are the
details of a few more datasets:

¢ Sports-1M (Sports - 1 Million): Has 1,133,158 videos with 487 classes. The
annotations are done automatically. The dataset can be downloaded from: http:/
/ecs.stanford.edu/people/karpathy/deepviden/.

e UCF-11 (University of Central Florida - 11 actions): Has 1,600 videos with 11
actions. The videos have 29.97 fps (frames per second). The dataset can be
downloaded along with UCF101.

e HMDB-51 (Human Motion DataBase - 51 actions): Has 5,100 videos with 51
actions. The dataset link is: http://serre-lab.clps.brown.edu/resource/hmdb-
a-large-human-motion-database.

¢ Hollywood2: Has 1,707 videos with 12 actions. The dataset link is: http: //www.
di.ens.fr/~laptev/actions/hollywood2.

We have seen the datasets available for video classification tasks, along with the description
and access links. Next, we will see how to load a video and split it into frames for further
processing.

Splitting videos into frames

A video can be converted to frames and saved in a directory for further usage. Splitting into
frames helps us save time by decompressing the video before the training process. First,
let's see a code snippet for converting video to frames:

import cv2
video_handle = cv2.VideoCapture (video_path)
frame_no = 0
while True:
eof, frame = video_handle.read()
if not eof:
break
cv2.imwrite ("frame%d.jpg" % frame_no, frame)
frame_no += 1
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Using this snippet, all of the preceding datasets can be converted to
frames. Note that this will require a lot of hard disk space.

Approaches for classifying videos

Videos have to be classified for several applications. Since the video is a lot of data, training
and inference computations must also be accounted for. All video classification approaches
are inspired by image classification algorithms. The standard architectures such as VGG,
Inception, and so on are used for feature computation at a frame level and then processed
further. Concepts such as CNN, attention, and LSTM learned in previous chapters will be
useful here. Intuitively, the following approaches can be used for video classification:

 Extract the frames and use the models learned in chapter 2, Image Classification,
for classification on a frame basis.

e Extract the image features learned in chapter 3, Image Retrieval, and the features
can be used train an RNN as described in chapter 7, Image Captioning.

¢ Train a 3D convolution network on the whole video. 3D convolution is an
extension of 2D convolution; we will see the workings of 3D convolution in detail
in the following sections.

e Use the optical flow of the video to further improve the accuracy. Optical flow is

the pattern of movement of objects, which we will see in detail in coming
sections.

We will see several algorithms that give good accuracy with various computational
complexities. The dataset can be prepared by converting it into frames and subsampling it
to the same length. Some preprocessing can help, such as subtracting the mean of the
Imagenet.
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Fusing parallel CNN for video classification

Frame-wise, the prediction of a video may not yield good results due to the downsampling
of images, which loses fine details. Using a high-resolution CNN will increase the inference
time. Hence, Karpathy et al. (https://static.googleusercontent .com/media/research.
google.com/en//pubs/archive/42455.pdf) propose fusing two streams that are run in
parallel for video classification. There are two problems with doing frame-wise predictions,
namely:

e Predictions may take a long time because of the larger CNN architecture
e Independent predictions lose the information along the temporal dimension

The architecture can be simplified with fewer parameters with two smaller encoders
running in parallel. The video is passed simultaneously through two CNN encoders. One
encoder takes a low resolution and processes high resolution. The encoder has alternating
convolution, normalization, and pooling layers. The final layer of the two encoders is
connected through the fully connected layer. The other encoder is of the same size, but
takes only the central crop, as shown here:
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Repraduced from Karpathy et al,
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Parallel processing of frames makes the runtime faster by downsampling the video. The
CNN architecture is halved regarding the parameter while maintaining the same accuracy.
The two streams are called the fovea and context streams. The streams are shown in the
following code snippet:

high_resolution_input = tf.placeholder(tf.float32, shape=[None,
input_size])

low_resclution_input = tf.placeholder (tf.float32, shape=[None, input_size])
y_input = tf.placeholder(tf.float32, shape=[None, no_classes])
high_resolution_cnn = get_model (high_resolution_input)

low_resolution_cnn = get_model (low_resolution_input)

dense_layer_ 1 = tf.concat ([high_resolution_cnn, low_resolution_cnn], 1)
dense_layer_bottleneck = dense_ layer (dense_layer 1, 1024)

logits = dense_layer (dense_layer_bottleneck, no_classes)

The frames for processing across temporal dimensions are as shown in the following
diagram:

Single Frame Late Fusion Early Fusion  Slow Fusion
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Reproduced from Karpathy et al. I

Instead of going through fixed size clips, the video can be seen at different times. Three |
ways of connecting the temporal information are presented in the preceding image. Late

fusion requires a longer time frame while early fusion sees a few frames together. Slow

fusion combines both late and early fusion to give good results. The model was trained on

the SportsiM dataset, which has 487 classes and achieved an accuracy of 50%. The same

model, when applied to UCF101, achieves an accuracy of 60%.
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Classifying videos over long periods

The fusion method works well for short video snippets. Classifying longer videos is difficult
as a lot of frames have to be computed and remembered. Ng et al. (https: //www.cv-
foundation.org/openaccess/content_cvpr_2015/papers/Ng_Beyond_Short_Snippets_
2015_CVPR_paper.pdf) proposed two methods for classifying longer videos:

» The first approach is to pool the convolutional features temporally. Max-pooling
is used as a feature aggregat ion method.

¢ The second approach has an LSTM connecting the convolutional features that
handle the variable length of the video.

Both approaches are shown in the following image:
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Reproduced from Ng et al,
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The CNN features can be extracted and fed to a small LSTM network, as demonstrated in
the following code:

net = tf.keras.models.Sequential ()
net.add(tf.keras.layers.LSTM (2048,

return_sequences=False,

input_shape=input_shape,

dropout=0.5)}
net.add(tf.keras.layers.Dense (512, activation='relu'))
net.add(tf.keras.layers.Dropout (0.5))
net.add(tf.keras.layers.Dense(no_classes, activation='softmax'))

Adding LSTM for feature pooling instead provides better performance. The features are
pooled in various ways, as shown in the following image:

(c) Slow Pooling

(e) Time-Domain Convolution

Reproduced from Ng et al,
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As shown in the diagram, the convolutional features can be aggregated in several different
ways. The pooling is done after the fully connected layer before it. This method achieved an
accuracy of 73.1% and 88.6% in the SportsiM dataset and UCF101 datasets respectively.
The LSTM approach is shown in the following image:

Reproduced from Ng et al.

The computations are high for this model because several LSTM's are used.

Streaming two CNN's for action recognition

The motion of objects in videos has very good information about the actions performed in
the video. The motion of objects can be quantified by optical flow. Simonyan and Zisserman
(http ://papers.nips.cc/paper/5353-two-stream-convolutional-networks-for-action-
recognition-in-videos.pdf) proposed a method for action recognition that uses two
streams from images and optical flow.
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Optical flow measures the motion by quantifying the relative movement between the
observer and scene. A detailed lecture on optical flow can be found at https://www.
youtube.com/watch?v=5VyLAK8BhF8. The optical flow can be obtained by running the
following command:

pl, st, err = cv2.calcOpticalFlowPyrLK(old_gray, frame_gray, p0, None,
**1k_params)

One stream takes an individual frame and predicts actions using a regular CNN. The other
stream takes multiple frames and computes the optical flow. The optical flow is passed
through a CNN for a prediction. Both the predictions are shown in the following image:

Spatial stream ConvNet

conv2 |[ conv3 |[ conv4 |[ conv5 |[ fullé |[ ful7 |lsoftmax]

5x5x256 || 3x3x512 || 3x3x512 || x3x512 4096 2048
stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
norm. pool 2x2
22

Te;nbofal stream ConvNet

conv1 || conv2 || conv3 || conv4 || conv5 || fullé full7 ftmaxi

Tx7x96 || 5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 || 4096 2048

stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
| norm. || pool 2x2 pool 2x2

video ! multi-frame pool 2x2

| opticalflow T~ i

Figure 1: Two-stream architecture for video classification.

Reproduced from Simonyan and Zisserman

Both predictions can be combined with the final prediction.
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Using 3D convolution for temporal learning

A video can be classified with 3D convolution. 3D convolution operation takes a volume as
input and outputs the same, whereas a 2D convolution can take a 2D or volume output and
outputs a 2D image. The difference is shown as follows:
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Reproduced from Tran et al.

The first two images belong to 2D convolution. The output is always an image. 3D
convolution, meanwhile, outputs a volume. The difference is a convolution operation in 3
directions with the kernel. Tran et al. (https://www.cv-foundation.org/openaccess/
content_iccv_2015/papers/Tran_Learning_Spatiotemporal_Features_ICCV_2015_paper.
pdf) used 3D convolution for video classification. The 3D convolution model is shown as
follows:

Conv4a || Convdb Conv5a || Convsb
512 512 512 512

fc6 || fc7
4086 (4096

Pool
ooz ]
{ Fool5 |

Convia |l [ conv2a |l&[ Conv3a |[ Convab
64 ||fl| 128 |F| 256 || 26

Reproduced from Tran et al.

The following is a code snippet of the model using 3D convolution:

net = tf.keras.models.Sequential ()
net.add(tf.keras.layers.Conv3D (32,
kernel_size=(3, 3, 3),
input_shape= (input_shape) )}
net.add(tf.keras.layers.Activation('relu'))
net.add (tf.keras.layers.Conv3D (32, (3, 3, 3)))
net.add(tf.keras.layers.Activation('softmax"'))
net.add(tf.keras.layers.MaxPooling3D())
net.add(tf.keras.layers.Dropout (0.25))

net.add(tf.keras.layers.Conv3D (64, (3, 3, 3)})
net.add(tf.keras.layers.Activation('relu'))
net.add(tf.keras.layers.Conv3D(64, (3, 3, 3)}))
net.add(tf.keras.layers.Activation('softmax'))
net.add(tf.keras.layers.MaxPool3D())
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net.add(tf.keras.layers

net.add(tf.keras.layers
net.add({tf.keras.layers
net .add(tf.keras.layers
net.add(tf.keras.layers

.Dropout {0.25}))

.Flatten())

.Dense (512, activation='sigmoid')}
.Dropout (0.5))

.Dense (no_classes, activation='softmax'))

net.compile (loss=tf.keras.losses.categorical_crossentropy,
optimizer=tf.keras.optimizers.Adam(), metrics=['accuracy'])

3D convolution needs a lot of computing power. 3D convolution achieves
an accuracy of 90.2% on the Sports1M dataset.

Using trajectory for classification

VVangetaL(https://www.cv—foundation.org/openaccess/content_cvpr_zo15/papers/
Wang_Action_Recognition_With_2015_CVPR_paper.pdf) used the trajectory of parts of
bodies to classify the actions performed. This work combines handcrafted and deep learned
features for final predictions. The following is a representation of the classification:

Input video —* Trajectory extraction —> Trajectory pooling —> Fisher vector

Input video —> Convolution Layer —> Pooling Layer — - —> Prediction

Reproduced from Wang ot al.
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The handcrafted features are Fisher vector and the features are from CNN. The following
image demonstrates the extraction of the trajectories and features maps:

" Extracting Trajectories Extracting Feature Maps ™,
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—_— —_— =
® :

trajectory-constrained pooling

.. Eanvolutional feature nip fentare sp nor

Reproduced from Wang et al.

Both the trajectories and features maps are combined temporally to form the final
predictions over the temporal snippet.

Multi-modal fusion

Yang et al. (http://research.nvidia.com/sites/default/files/pubs/2016-10_
Multilayer-and-Multimodal/MM16.pdf) proposed a multi-modal fusion, with 4 models, for
video classification. The four models are 3D convolution features, 2D optical flow, 3D
optical flow, and 2D convolution features.
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The flow of data in this method is shown as follows:
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Reproduced from Yang et al,

Now, let's learn about Convlet. A Convlet is the small convolutional output from a single
kernel. The learning of spatial weights in the convolution layer by convlet is shown in the
following image:
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convlet

spatial weights
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feature maps over time

Reproduced from Yang et al.

A spatial weight indicates how discriminative or important a local spatial region is in a
convolutional layer. The following image is an illustration of fusing multi-layer
representation, done at various layers of convolutional and fully connected layers:
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Reproduced from Ying et 4,
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‘* The boosting mechanism is used to combine the predictions. Boosting is a mechanism that
I can combine several model prediction into a final prediction.

Attending regions for classification

An attention mechanism can be used for classification. Attention mechanisms replicate the
human behaviour of focusing on regions for recognition activities. Attention mechanisms
give more weight to certain regions than others. The method of weight is learned from the
data while training. Attention mechanisms are mainly of two types, namely:

* Soft attention: Deterministic in character, this can hence be learned by back-
propagation.

e Hard attention: Stochastic in character, this needs complicated mechanisms to
learn. It is also expensive because of the requirement of sampling data.

Following is a visualization of soft attention:

K< K

Reproduced from Sharma ¢t al.
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The CNN features are computed and weighted according to the attention. The attention or
weights given to certain areas can be used for visualization. Sharma et al. (nttps://arxiv.
org/pdf/1511.04119.pdf) used this idea to classify the videos. LSTM were used to take the
convolution features. The LETM predicts the regions by using attention on following
frames, as shown in the following image:
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Reproduced from Sharma et al.

" Each stack of LETM predicts location and labels. Every stack has three LESTM. The input to
the LSTM stack is a convolution feature cube and location. The location probabilities are the
attention weights. The use of attention gives an improvement in accuracy as well as a
method to visualize the predictions.

We have seen various approaches for video classification. Next, we will learn about other
applications in videos.
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Extending image-based approaches to
videos

Images can be used for pose estimation, style transfer, image generation, segmentation,
captioning, and so on. Similarly, these applications find a place in videos too. Using the
temporal information may improve the predictions from images and vice versa. In this
section, we will see how to extend these applications to videos.

Regressing the human pose

Human pose estimation is an important application of video data and can improve other
tasks such as action recognition. First, let's see a description of the datasets available for
pose estimation:

* Poses in the wild dataset: Contains 30 videos annotated with the human pose.
The dataset link is: https://lear.inrialpes. fr/research/posesinthewild/.
The dataset is annotated with human upper body joints.

* Frames Labeled In Cinema (FLIC): A human pose dataset obtained from 30
movies, available at: https://bensapp.github.io/flic-dataset . html.

Pfister et al. (https://www.cv-foundation. org/openaccess/content_iccv_2015/papers/
Pfister Flowing_ConvNets_for_ ICCV_2015_paper.pdf) proposed a method to predict the
human pose in videos. The following is the pipeline for regressing the human pose:
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Reproduced from Pfister et al,

[258]



The frames from the video are taken and passed through a convolutional netw:
layers are fused, and the pose heatmaps are obtained. The pose heatm
with optical flow to get the warped heatmaps. The warped heatma
pooled to produce the pooled heatmap, getting the final pose.

aps are combined
Ps across a timeframe are

Tracking facial landmarks

Face analysis in videos requires face detection, landmark detection, pose estimation,
verification, and so on. Computing landmarks are especially crucial for capturing facial
animation, human-computer interaction, and human activity recognition. Instead of

computing over frames, it can be computed over video. Gu et al. (http://research.
nvidia.com/sites/default/files/pubs/2017-07_Dynamic-Facial-Analysis/rnnface.

pdf) proposed a method to use a joint estimation of detection and tracking of facial
landmarks in videos using RNN. The results outperform frame wise predictions and other
previous models. The landmarks are computed by CNN, and the temporal aspect is
encoded in an RNN, Synthetic data was used for training.

Segmenting videos

Videos can be segmented in a better way when temporal information is used. Gadde et al.
(https://ps.is.tuebingen.mpg.de/uploads_file/attachment/attachment/386/
gadde2017videocnns.pdf) proposed a method to combine temporal information by
warping. The following image demonstrates the solution, which segments two frames and
combines the warping;:
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Reproduced from Gadde et ul,
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The warping net is shown in the following image:
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Reproduced from Gadde et al.

The optical flow is computed between two frames, which are combined with warping. The
warping module takes the optical flow, transforms it, and combines it with the warped +
representations.

Captioning videos
The chapter 7, nage Captioning, illustrated several ways to combine text and image.

Similarly, captions can be generated for videos, describing the context. Let's see a list of the
datasets available for captioning videos:

» Microsoft Research - Video To Text (MSR-VTT) has 200,000 video clip and
sentence pairs. More details can be obtained from: https://www.microsoft.com/
en-us/research/publication/msr-vtt-a-large-video-description-dataset-
for-bridging-video-and-language/.

o MPII Movie Description Corpus (MPII-MD) can be obtained from: https://
www.mpi-inf.mpg.de/departments/computer-vision-and-multimodal-
computing/research/vision-and-language/mpii-movie-description-dataset.
It has 68,000 sentences with 94 movies.
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¢ Montreal Video Annotation Dataset (M-VAD) can be obtained from: https://
mila.quebec/en/publications/public-datasets/m-vad/ and has 49,000 clips.

e YouTube2Text has 1,970 videos with 80,000 descriptions.

Yao et al. (ht tps://www.cv-foundation.org/openaccess/content_iccv_2015/papers/Yao_
Describing_Videos_by_ICCV_2015_paper.pdf) proposed a method for captioning videos. A
3D convolutional network trained for action recognition is used to extract the local temporal
features. An attention mechanism is then used on the features to generate text using an
RNN. The process is shown here:
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Reproduced from Yao etal.

Donahue et al. (https://www.cv-foundation.org/openaccess/content_cvpr_2015/
papers/Donahue_Long-Term_Recurrent_Convolutional 2015 CVPR_paper.pdf) proposed
another method for video captioning or description, which uses LSTM with convolution
features.
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This is similar to the preceding approach, except that we use 2D convolution features over
here, as shown in the following image:

Reproduced from Donahue ot ul.

We have several ways to combine text with images, such as activity recognition, image
description, and video description techniques. The following image illustrates these

techniques:
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Reproduced from Donahue et al.
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Venugopalan et al. (https://www.cv-foundation.org/openaccess/content_iccv_2015/
papers/Venugopalan_Sequence_to_Sequence_ICCV_2015_paper .pdf) proposed a method
for video captioning using an encoder-decoder approach. The following is a visualization of
the technique proposed by him:
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The CNN can be computed on the frames or the optical flow of the images
' for this method.

TIP

Generating videos

Videos can be generated using generative models, in an unsupervised manner. The future
frames can be predicted using the current frame. Ranzato et al. (nttps://arxiv.org/pdf/
1412.6604.pdf) proposed a method for generating videos, inspired by language models.
An RNN model is utilized to take a patch of the image and predict the next patch.
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Summary

In this chapter, we covered various topics related to video classification. We saw how to
split videos into frames and use the deep learning models that are in images for various
tasks. We covered a few algorithms that are specific to video, such as tracking objects. We
saw how to apply video-based solutions to various scenarios such as action recognition,
gesture recognition, security applical‘ions, and intrusion detection.

In the next chapter, we will learn how to deploy the trained models from the previous
chapter into production on various cloud and mobile platforms. We will see how different
hardware affects the performance regarding latency and throughput.
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