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ABSTRACT

RECOGNIZING HUMAN INTERACTIONS IN STILL IMAGES

Gökhan TANIŞIK

Doctor of Philosophy, Computer Engineering

Supervisor: Assoc. Prof. Dr. Nazlı İKİZLER CİNBİŞ

19/08/2020, 101 pages

Recognizing human interactions in still images is quite a challenging problem since com-

pared to videos, there is only a glimpse of interaction in a single image. In this thesis, we

explore the role of two components that provide descriptive features upon recognizing inter-

actions in still images: the role of human faces and poses.

As for the role of human faces, we explore whether the facial regions and their spatial config-

urations contribute to the recognition of interactions. In this respect, our method involves the

extraction of several visual features from the facial regions, incorporating scene characteris-

tics and deep features to the recognition. Extracted multiple features are utilized within a dis-

criminative learning framework for recognizing interactions between people. Our designed

facial descriptors are based on the observation that relative positions, size, and locations of

the faces are likely to be essential for characterizing human interactions. Since there is no

available dataset in this relatively new domain, a comprehensive new dataset that includes

several images of human interactions is collected. Our experimental results show that faces

and scene characteristics contain vital information to recognize interactions between people.
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On behalf of exploring the role of human poses upon recognizing interactions, we propose

a multi-stream convolutional neural network architecture, which fuses different levels of hu-

man pose information to recognize human interactions better. In this context, several pose-

based representations are explored. Experimental evaluations in an extended benchmark

dataset show that the proposed multi-stream pose Convolutional Neural Network success-

fully discriminates a wide range of human-human interactions. Moreover, when used in

conjunction with the overall context, human poses provide discriminative cues about human-

human interactions.

Keywords: human-human interactions, facial features, poses, convolutional neural net-

works
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ÖZET

RESİMLER ÜZERİNDE İNSAN ETKİLEŞİMLERİNİN TANINMASI

Gökhan TANIŞIK

Doktora, Bilgisayar Mühendisliği

Danışman: Assoc. Prof. Dr. Nazlı İKİZLER CİNBİŞ

Ekim 2018, 101 sayfa

Resimler üzerinde insan etkileşimlerini tanımak oldukça zordur. Özellikle resimler ve video-

lar kıyaslandığında, resimde etkileşime dair sadece küçük bir an bulunur. Bu tez kapsamında,

resimler üzerinden insan etkileşimlerinin tanınması için iki bileşenin rolü incelenmiştir:

yüzler ve pozlar.

Yüzlerin rolünü incelemek adına, resimlerde yüzlerin bulunduğu bölgelerin ve bu yüzlerin

uzamsal yerleşimlerinin etkileşimleri tanımlamada ne kadar katkı sunduğunu inceledik.

Bu doğrultuda, geliştirdiğimiz yöntem yüzlerden elde edilen bir çok niteliği, çeşitli sahne

nitelikleri ve derin öğrenme niteliklerini bir araya getirir. Elde edilen bu nitelikler bir

öğrenme sistemi içerisinde, birlikte işlenerek insan etkileşimlerinin ayırt edilmesini sağlar.

Tanımladığımız yüz nitelikleri; yüzlerin birbirine göreceli uzaklıkları, boyutları ve kon-

umları gibi etkileşimleri birbirinden farklı kılabilecek nitelikleri kapsar. Bu çalışma kap-

samında kullanabileceğimiz önceden tanımlı bir veri kümesi bulunmadığından, çeşitli insan

etkileşimlerini barındıran yeni ve zorlu bir veri kümesi oluşturulmuştur. Yapılan deneyler,

yüzlerin ve sahne niteliklerinin insan etkileşimlerini tanımlamada önemli bir paya sahip

olduğunu göstermektedir.
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Etkileşimleri tanımlamada pozların rolünü araştırmak için de, çoklu-akışlı bir evrişimsel

sinir ağları mimarisi tanımladık. Bu mimari her bir akıştan elde edilen farklı seviyel-

erdeki poz bilgilerini bir araya getirir. Bu bağlamda, çeşitli poz tabanlı gösterimler

incelenmiştir. Genişletilmiş bir veri kümesi üzerinde yapılan deneyler, önerilen yöntemin

insan etkileşimlerini sınıflandırabilmek için oldukça başarılı olduğunu göstermiştir. Bu poz

tabanlı gösterimler ve orjinal resimler bir arada kullanıldığında başarımın daha da arttığı

gözlenmiştir.

Anahtar Kelimeler: insan etkileşimlerini tanıma, yüz nitelikleri, pozlar, evrişimsel sinir

ağları
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1. INTRODUCTION

1.1 Motivation

Human activities are a hot topic in the computer vision community. Studies start from simple

primitives such as understanding gestures and goes up to complex group activities. Among

these topics, this thesis attack on the problem of recognizing human-human interactions in

still images.

Human interactions have been a research area of social psychology for a long time. From

the perspective of computational vision, the focus of this thesis is on the observable forms

of interactions. In terms of Social Psychology, Newcomb et al. [17] define these interac-

tions as; “any set of observable behaviors on the part of two or more individuals when there

is a reason to assume that in some part those persons are responding to each other. What

all these observable forms of interaction have in common is a sequence of behaviors on the

part of two or more persons.” Although being a sequence of behaviors is claimed to be the

common property of interaction, we believe that images are also capable of describing an

interaction. However, it is a challenging task because of the following reasons: 1) Some

interactions (such as dining, partying, speech, etc.) can have a vast deal of intra-class vari-

ety. 2) While some interactions (such as kissing and handshaking) are usually performed by

two people, some interactions (such as dining, partying, or speech) may involve hundreds or

thousands of people, making the granularity of the problem quite diverse. 3) There is no con-

straint on image characteristics, where the camera position, light amount, or clutter can vary

dramatically from image to image. 4) There can be other people in the scene not related to

the interaction, which makes it harder to focus on the actual interaction. 5) Lack of temporal

movement data makes it harder to diversify the interaction from the background.

Although recognizing human actions [7, 18, 19, 20, 21] or human-object interactions [22,

23, 24, 25, 26] have attracted many researchers, recognizing human-human interactions is

a lesser extent, especially when it comes to working on still images. There are a few key

features to identify human-human interactions such as context, scene, and poses. Among

these features, we can argue that human poses are the main ingredient of an interaction being

performed since the context and scene information can change dramatically. In contrast, the

poses should remain as a member of a recognizable set of discriminative elements. That

being said, we also believe that faces can tell about the interaction, too. Regarding these,

in this work, we address the recognition of human interactions in sill images. We propose
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FIGURE 1.1: Faces in interactions. The original images are shown in the bottom row and the
facial regions are shown on top. In this work, we explore whether we can predict the type of
human interactions in an image based on descriptors extracted from faces, and their spatial
layouts. As can be seen from this figure, without using any context or scene information,
recognizing interactions by only face information can be quite a difficult task even for hu-
mans. Our results show that using facial descriptors together with global scene descriptors

yield promising results for human interaction recognition in still images.

two methods to solve this problem, which investigates the role of human faces and poses in

a scene.

In the first part, we study the role of human faces in human interactions. Several novel visual

features are proposed that captures the intrinsic layout and orientation of face regions. Faces

tend to play a great role in characterizing human interactions. People look at each other when

they are talking, faces come together when people are kissing, and more. Figure 1.1 includes

some examples. [27] use faces in video sequences to describe interactions in first-person

(egocentric) videos. Based on inspiration from this work, we explore whether facial features

can also help discriminate multi-person interactions in still images.

Another reason to explore facial features is that face detection technology is considerably

advanced and can locate plenty of faces in images, especially those that are not too small or

significantly occluded. Our designed descriptors are based on the observation that relative

positions, size, and locations of the faces are likely to be essential for characterizing human

interactions. To extract these descriptors, we first use a face detector. We also estimate the

orientations of the faces, if possible, using the face detector of [2]. In this way, we estimate

the size, spatial location, and the orientation of the face in a [-90°,90°] range with 15° resolu-

tion. We then make use of these features to propose image-level facial interaction descriptors.

For recognition, we combine these multi-person facial descriptors with standard scene de-

scriptors extracted globally from the images. In this context, we also investigate the effect of

the state-of-the-art deep learning-based features, aka, Convolutional Neural Network (CNN)

features to this new problem domain.
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a b c d
FIGURE 1.2: a shows the original images from our dataset. b is Pose Mask Images, where
the poses in the images are masked, and the rest of the image is set to the ImageNet mean
pixel values. c Pose Only Images, where pose regions are left as is, and the rest of the image
is set to the ImageNet mean pixel values. d Highlighted Poses; pose regions are highlighted
with a 2D gaussian mask. Note that poses are detected automatically using MaskRCNN [1].

The figure is better viewed by zooming in.

Since there is no available dataset in this relatively new domain, a new and comprehensive

dataset, which includes a total of ten human interaction classes, such as boxing, dining, kiss-

ing, partying, talking, is collected. This dataset has also been enriched with the manual an-

notations of the ground truth face locations and orientations to facilitate further comparisons.

We name this dataset as Human Interaction Images (HII).

As for the second part, we investigate the role of human poses in interactions. A multi-stream

convolutional neural network (CNN) architecture is formulated that focuses mainly on pose

information. To this end, we explore several forms of pose-based inputs: 1) Pose Masks,

where poses are extracted and represented as binary masks. 2) Pose Only Images: poses

cropped out of original images. 3) Pose Highlighted Images: Instead of directly cropping

poses, they are highlighted with a Gaussian mask where the background regions are de-

emphasized. Figure 1.2 shows examples of these pose based representations. We propose to

use a single stream for each of these inputs and fuse the knowledge from each stream within

a multi-stream CNN architecture. Our experiments demonstrate that these pose sets are good

enough to describe and discriminate interactions to a great extent. Besides, our multi-stream

architecture yields better results compared to single-stream counterparts.

The benchmark datasets which focus on human interaction recognition are mainly limited
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to videos [28, 29, 30, 31, 32, 33, 34, 35]. While there are several recent datasets proposed

([36, 37, 38]), there are some limitations, such as [36] is not available for download; [37]

contains only three classes: family, group and wedding photos; [38] defines classes as touch

codes of interactions such as hand touch hand, hand touch shoulder, hand touch torso which

semantically differs from our problem. Our HII dataset is the only one focusing solely on

human-human interactions. Therefore, to test our proposed approach, we use this benchmark

dataset and also collect an extended version of it, since it is a relatively small dataset for

training deep models. This new version of HII is called as HIIv2.

1.2 Contributions of the Thesis

• We explore the contribution of face features to interaction recognition in images;

– We present novel descriptors based on facial regions for human interaction recog-

nition.

– Our experimental results show that deep learning-based features are effective in

the recognition of human-human interactions in images.

– Our proposed facial features that aim to encode the relative configurations of

faces provide useful information, especially when combined with global image

features.

– We collect a new image dataset for human interaction categorization which in-

cludes multi-person interaction instances.

– Experiments show that faces provide complementary information for recognition.

• We explore the contribution of poses to human-human interaction recognition in im-

ages;

– We propose to use a variety of different pose-based inputs for interaction recog-

nition.

– We formulate a multi-stream pose CNN that aggregates the information from

different pose streams.

– An extended benchmark dataset for human-human interaction recognition in im-

ages is collected.

– Experiments show that paying more attention to poses has a positive effect on

recognizing interactions.
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1.3 Organization of the Thesis

Thus far, a summary of the thesis is given. The rest of it is as follows:

Chapter 2 summarizes the background of the methods and techniques used in this thesis. To

be more specific, some of the handcrafted image descriptors and a classification method is

elaborated. Convolutional Neural Networks (CNNs), and some of the most common CNN

architectures are summarized.

In chapter 3, a review of the literature on human action, human-object interaction, and

human-human interaction recognition methods in still images are given.

Chapter 4 describes our facial descriptors for human interaction recognition on images. The

formulation of each feature is elaborated in detail.

In Chapter 5, gives the details of our proposed pose-based inputs. Moreover, combining

these inputs to form a multi-stream CNN architecture is presented.

Chapter 6 introduces the datasets collected for evaluation. Details of both HII and HIIv2 is

presented. The collection and annotation process of the images are also elaborated.

Chapter 7 presents the implementation details and experiments based on the proposed meth-

ods. A comprehensive evaluation of the methods and comparison to related work is pre-

sented.

Finally, in Chapter 8, we discuss the conclusion of this work and possible feature directions.
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2. BACKGROUND

This thesis is focused on recognizing human-human interactions in still images. To be more

specific, it aims to classify a given image to a predefined interaction. In this context, two

independent works are introduced; one with the traditional hand-crafted features and tra-

ditional classification methods, and the other with recently popular Convolutional Neural

Networks. This section gives a summary of the methods and techniques used in this thesis.

2.1 Support Vector Machines (SVM)

SVM [39], with a solid theoretical background, is one the most used and successful classi-

fication algorithm among the traditional methods. It can be trained with a small number of

training samples, which is effective even when the number of dimensions is higher than the

number of samples. However, it suffers when the number of samples is much higher than the

number of feature dimensions [40].

The main idea behind SVM is to find a hyperplane in N-dimensional space(N is the number

of features), which distinctly separates the data points of different classes. With margin being

the distance between the hyperplane and nearest data point from either data set, its goal is to

find a hyperplane with maximum possible margin.

2.2 Face Detection

In our first work, we investigate the role of faces in human interactions. To create a fully

automated approach, we have used a face detection algorithm. Face detection algorithms

have reached human performance with the rise of deep learning. However, these algorithms

have yet to be discovered at the time of our research. Thus, we used the state-of-the-art

algorithm [2] known in this research. Therefore, face detection algorithm [2] is summarized

under this section.

[2] presents a unified model for face detection, landmark, and pose estimation. It is based

on a mixture of trees of parts. See Figure 2.1 for an example output. Mixture represents the

pose, and parts represent the landmarks of the face. Each mixture uses a shared pool of parts

V . A tree-structured model is introduced where each tree is formulated as Tm(Vm, Em). Here

m indicates a mixture and Vm ⊆ V . For an image I , and pixel location of a part li = (xi, yi),
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FIGURE 2.1: Sample output from [2] with unified face detection, landmark estimation, and
pose estimation results.

it tries to maximize the score of part configurations L = li : i ∈ V as:

S(I, L,m) = Appm(I, L) + Shapem(L) + αm (1)

Appm(I, L) =
∑
i∈Vm

wm
i · φ(L, li) (2)

Shapem(L) =
∑

ij inEm

amijdx
2 + bmijdx+ cmijdy

2 + dmijdy (3)

Equation 2 sums the appearance evidence for placing a template wm
i for part i, tuned for

mixture m, at location li. φ(I, li) on the other hand is the feature vector extracted from

the location li with a feature encoding method such as Histogram of Gradients (HoG) [41].

Equation 3 calculates a score for the spatial positioning of parts L, where dx = xi − xj and

dy = yi − yj are distance between parts i and j. Each term in the sum can be considered

as a spring that suggests spatial constraints between a part pairs. The parameters (a, b, c, d)

correspond to each spring and rest location’s rigidity.
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FIGURE 2.2: Mixture-of-trees model from [2] to encode topological changes due to view-
point. Red lines stand for the springs between landmark pairs.

The inference of the model corresponds to maximizing S(I, L,m) in Equation 1 over L and

m:

S∗(I) = max
x

[max
L

S(I, L,m)]

To summarize, for each mixture, look for the best configuration of parts.

2.3 Scene Features

A classification method needs discriminative features to separate instances that belong to

different sets. Depending on the problem, features may belong to local regions or the whole

image in the image domain. In the whole image case, the features are usually called global

or scene features. In this section, some of the scene feature extraction methods used in this

thesis are described.

2.3.1 Gist Descriptors

GIST descriptors [42] are based on a low dimensional representation of the scene, which is

called Spatial Envelope [42]. A set of perceptual dimensions representing the dominant spa-

tial structure of a scene are proposed, such as roughness, naturalness, openness, ruggedness,

and expansion. It is shown that it is possible to estimate these dimensions using spectral and

coarsely localized information. The image is divided into a 4x4 grid first, and for each cell,

orientation histograms are computed. To make even sized grids, it is common to first resize

the image into a square shape whose width usually ranges from 32 to 128 pixels. Since the

descriptor represents only the general details of the image, small sizes are sufficient. The

feature histograms are computed at four different scales and eight orientations, making a

4x8 = 32 feature size for each grid and 32x16 = 512 for the whole image.
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2.3.2 Scale Invariant Feature Transform (SIFT)

Scale Invariant Feature Transform is produced by Lowe [43] that is used to detect distinc-

tive local image keypoint descriptors. The descriptors are translation, rotation, and scale-

invariant, which creates a desirable representation of the features. In general, it has two

main steps: detecting the interest points in an image and creating a feature vector from these

points. To capture the main details of a given image, Gaussian blur operators are applied in

different scales. The scale corresponds to σ of Gaussian kernel; the image gets more blurred

while the σ increases. Then, the Difference of Gaussian (DoG) operation is applied to each

consecutive scales of the image. This captures important key points, such as corners. To

make sure it’is more robust, this process is kept on through multiple octaves, where an oc-

tave means half the size of the previous original image. Local minima/maxima points on the

DoG images are set as interest points.

In the second part of the process, descriptors are defined based on these interest points. A

16x16 image patch, centering the key point, is extracted, and gradients of this patch are

calculated. Roughly, the most frequent gradient orientation is called as the dominant ori-

entation. Then, the patch is divided into 4x4 cells, and for each of these cells, a histogram

of orientations for 8 orientation bins spaced apart by 45° is calculated. The orientations are

calculated relative to the dominant orientation that makes the SIFT features orientation in-

variant. Histograms from each cell are concatenated to form a 128 dimensional vector called

the SIFT descriptor vectors.

2.3.3 Bag Of Words (BoW)

The bag-of-words method is coming from the text-retrieval world. On a training image set,

the aim is to create a codebook of the most common features extracted from each image in the

set. To create a codebook, usually, a k-means clustering is performed on the features, where

k defines the size of the codebook. To represent an image, a histogram of size k is created.

Each bin of the histogram counts the number of occurrences of a feature that belongs to the

cluster at that index.

In this thesis, the BoW codebook is created on the SIFT features of the image. BoW alone

encodes the features without any spatial information. To overcome this problem, Spatial

Pyramid Matching (SPM) [44] method introduced. Depending on the height of the pyramid,

SPM splits the image into 2hx2h grids for each height level h where 0 <= h < H , and
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H is the highest depth. Each feature belongs to the same bin – element of BoW histogram

– is counted for each cell of every level, composing sub histograms for each cell. These

histograms are then concatenated to create a whole representation. On the other hand, to

decrease the contribution of higher levels of pyramids, a weight is given to each level. The

weight gets lower while the levels go up.

2.4 Convolutional Neural Networks (CNNs)

CNN’s are very powerful tools for visual recognition tasks. They became popular with the

release of AlexNet architecture [3]. AlexNet achieved massive success on the ImageNet [45]

dataset that took the whole world’s attention.

In a nutshell, a CNN architecture is a sequence of layers. Each layer takes the input, performs

a transformation, and passes it to the next layer. In the following sub-sections, a summary of

main CNN Layers and some of the common CNN architectures are given.

2.4.1 Main CNN Layers

This section summarizes the main CNN layers: Convolution, Pooling, and Fully-Connected

layers.

2.4.1.1 Convolutional Layers

In a fully connected network, all nodes in a layer are fully connected to all nodes in the pre-

vious layer. This is the bottleneck of Neural Networks since it requires too many operations

and memory, which is not very feasible for current computers. On the other hand, for an

image, a fully connected network would not be beneficial since most of the image features

are local.

A Convolutional Layer applies K number of filters (F ∗ F ) to a given input (H1 ∗W1 ∗D)

and produces an output (H2∗W2∗K). K corresponds to the depth of the filter. Each filter ki,

where 0 < k < K, tries to learn a different aspect of the input. In addition to K, two other

hyper-parameters control the output size of the layer: stride and zero-padding. Stride (S)

defines the number of jumps when we move filters for the next input. Zero-paddingP is used

to control the output size and applied as adding zeros around the input’s border. Thus, the

output size can be calculated asW2 = (W1−F+2P )/S+1 andH2 = (H1−F+2P )/S+1.
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However, most common networks resize the input into a predefined square shaped size, or in

other words, they use equal height and widths.

2.4.1.2 Pooling Layers

Although CNN’s contains fewer parameters than fully connected neural networks, the num-

ber of parameters can increase to large amounts very quickly. One common way to reduce

the parameters is to use a Pooling Layer. Another advantage of Pooling Layers is that they

also help to control overfitting. A standard pooling layer operates individually on every depth

slice of the input uses MAX operation to reduce the size spatially.

In general, a pooling layer has two parameters. The first one is the size of the filter (F ), and

the second is stride (S), which defines the spatial jumps between two consequent inputs. For

an input with size W1 ∗ H1 ∗ D1, the Pooling Layer with parameters F and S produces the

output of size W2 ∗ H2 ∗ D1 where W2 = (W1 − F )/S + 1 and H2 = (H1 − F )/S + 1.

Usually, a filter with a size 2x2 is applied with a stride 2 which removes %75 of the input.

2.4.1.3 Fully-Connected Layers

A Fully-Connected Layer used at the end of a network architecture to classify the inputs. The

term “Fully-Connected” refers to every neuron from the previous layer is being connected to

every neuron on the next layer. It operates on the output of the preceding layer and determines

which features most related to a particular class.

2.4.2 CNN Architectures

Most common CNN Architectures stack a few conv-relu layers, followed by pool layers.

This pattern repeats until the image gets spatially small enough. Then, a few fc layers are

used at the end to classify the input. Here conv, pool, relu and fc respective correspond to

Convolutional Layer, Pooling Layer, Rectified Linear Unit (RELU), and Fully-Connected

layer.

A RELU simply applies a thresholding operation at zero, such as max(0,x), to each element

of the input. It is a non-linear operation. The output size remains the same as the input size.
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FIGURE 2.3: Original AlexNet architecture presented in [3], demonstrating the separation
of the layers into two GPUs. The GPUs share information only at certain layers.

There a lot of known CNN architectures. Some of the most common ones are LeNet[46],

AlexNet [3], VGG [47], GoogleNet [48], ResNet [4], and DenseNet[5]. Since AlexNet,

ResNet and DenseNet are used for evaluations of this thesis, they are elaborated in the fol-

lowing sections.

2.4.2.1 AlexNet

AlexNet [3] is the winner of ImageNet Large Scale Visual Recognition Challenge (ILSVRC)

[45] on 2012. For the time being, the depth of the network was so deep, which made it require

2 GPUs to fit all the parameters into memory. It has eight layers in total, the first five are

Convolutional, and the last three are Fully-Connected. The original architecture presented in

[3] is demonstrated in figure 2.3 1.

2.4.2.2 ResNet

ResNet [4] is one of the most successful recent CNN architectures that offer high accuracy

recognition rates for the image classification problem. The idea behind its success is the

residual learning architecture, which is made possible by the usage of skip-connections. In

general, skip-connections refer to those connections skipping one or more layers. See Figure

2.4 for a visualization of skip connections. In ResNet, the authors simply perform identity

mapping. More formally, an input x goes through conv-relu-conv series. This produces

some F (x) which is added to the original input x, resulting an H(x) = F (x) + x. H(x)

would be equal to F (x) is a regular CNN without skip-connections. Instead of computing

F (x) as a straight mapping from x to F (x), the term to be added to the original x is being

computed via the layers. In other words, the residual block is computing a small change

1The figure 2.3 is reprinted, with permission, from [3] ©2012 NIPS.
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FIGURE 2.4: Skip connections of ResNet [4].

FIGURE 2.5: Sample DenseNet [5] architecture: A 5-layer dense block. Every layer takes
all previous feature maps as input.

to the original input x, making the CNNs more easily trainable by bypassing the vanishing

gradient problem.

2.4.2.3 DenseNet

DenseNet [5], similar to ResNet, uses the output from previous layers to ensure maximum

information flow between layers in the network. The layers get directly connected to every

other layer in a feed-forward fashion. For example, an architecture with L layers would have

L(L + 1)/2 direct connections. In contrast to ResNet, it has two main differences. The

first one is that DenseNet uses concatenation instead of summation for fusing the data from

previous layers. Another one is that a layer gets connected to every preceding layer instead

of only the previous one. Because of its dense connectivity pattern, it is referred to as Dense

Convolutional Network (DenseNet). See Figure 2.5 1 for an example of dense layers.

1The figure 2.5 is reprinted, with permission (license number: 4847561252631), from [49] ©2020 Springer
Nature.
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FIGURE 2.6: Two-stream architecture for action classification in videos [6].

2.4.3 Fine Tuning and Transfer Learning

A CNN architecture requires a great amount of data to learn a general representation of the

input set. It gets even worse when the depth of the network increases. Data augmentation is

one way to deal with, yet it only helps an extent. Another option is, instead of training from

scratch, using an already trained model and train it some more. Here comes the two terms

Fine Tuning and Transfer Learning. Although they are sometimes used interchangeably,

Fine Tuning indicates taking an already learned model and training it some more on possibly

different data. It is common to freeze some early layers and learn only final layers; however,

it is not a necessity. Transfer Learning, quite similar to Fine Tuning, uses a part or all of the

already learned model. This time, the aim is to apply the model on a different, yet somehow

related task. The model is trained some more to fit on the new task.

2.4.4 Multi-Stream Neural Networks

Neural Networks usually perform great on classification and detection tasks, especially on

image data. The problem arises when we try to fuse information from multiple sources or

aspects. For example, it may be simple to train a model for action-recognition tasks by the

spatial or temporal data. It would be quite beneficial to use all the data available to increase

the performance of the network. With this respect, Simonyan et al. [6] proposed two-stream

CNN architecture for action recognition in videos. See figure 2.61

Although Simonyan’s [6] work is a good example, it requires a late fusion of streams, which

1The figure 2.6 is reprinted, with permission, from [6] ©2014 NIPS.
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FIGURE 2.7: Two different examples to two-stream architectures which are trained end-to-
end. In this respect, they are fused before the loss layer [7].

means each stream is trained separately. Thus, a better approach would be to train an end-

to-end architecture that learns the model as a whole such as [7, 50]. See Figure 2.71 for an

end-to-end trained architecture example. The fusion of the streams is done before the loss

layer with a fusion layer such as Convolutional, Sum, or Max layers.

2.5 Human Detection and Segmentation

Humans are the only crucial components of the interaction. Thus it is extremely useful to

detect people in the images. Detecting usually refers to find the bounding boxes surround-

ing each person separately. To further examine the interaction, human poses estimation or a

segmentation would be very beneficial. The term pose estimation meant to localize human

joints or, in other words, key points such as elbows, and wrists. Our work uses the segmen-

tation masks only. Thus we omit the pose estimation part here. With this respect, we use the

state-of-the-art object detection algorithm Mask R-CNN [1], which also does the instance

segmentation at the same time. The following subsections summarize Mask R-CNN and

Faster R-CNN [51], which is the base research of Mask R-CNN.
1The figure 2.7 is reprinted, with permission, from [7] ©2016 IEEE.
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2.5.1 Faster R-CNN

Faster R-CNN is one of the state-of-the-art object detection algorithms that depend on region

proposal to estimate object locations. It has two networks, a region proposal network (RPN)

to predict possible object regions, and second to classify objects in those regions. These

two networks also share the same convolutional features, which makes the method fast and

powerful.

Given an image, it is provided as input to conv layers, so that feature maps are extracted.

Instead of using a sliding window over a pyramid of images, or sliding a pyramid of filters to

predict regions, RPN introduces anchor boxes with different aspect ratios and scales that are

slided over extracted convolutional features. The anchor boxes serve as references at multiple

scales and aspect ratios. For each location, k anchor boxes are used, with three aspect ratios

and three scales, yielding k = 9 anchors at every sliding position. A class layer outputs 2k

scores whether there is object or not for k anchors. Another layer called regression layer

outputs 4k values for the anchor box coordinates.

2.5.2 Mask R-CNN

Mask R-CNN is an extension to Faster R-CNN where a segmentation branch is added to

predict a binary mask for each object in a region of interest (RoI). The goal is to classify

each pixel into a set of categories without differentiating object instances.

It uses the same two-stage architecture of Faster R-CNN [51], while keeping the initial step

- region proposal network (RPN) - the same and adds a mask detection branch parallel to

object classification and bounding box detection branches. A multi-task loss is defined during

training on each sampled RoI as L = Lcls + Lbox + Lmask. The loss of classification Lcls

and Lbox are the same as [51]. The mask loss Lmask encodes the evidence of each pixel

belonging to each class in the RoI, creating a Km2 dimensional output. Each RoI has the

same dimensions m × m and K denotes the number classes. The per-pixel level sigmoid

function is applied to each mask RoI, and Lmask is defined as average binary cross-entropy

loss. Among these K number of losses, only one contributes to Lmask, which is the k-th

mask having the ground-truth label (other mask outputs are ignored).

This definition of loss for masks enables the network to generate each class without com-

petition among classes. The output mask to be activated is determined according to the
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FIGURE 2.8: Mask R-CNN [1] framework for instance segmentation.

classification result of that RoI. Therefore, mask and class prediction operations are decou-

pled.
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3. RELATED WORK

Understanding human activities in the computer vision community have been a hot topic

since the late 90s. Aggarwal and Ryoo in [52] classify activities into four categories by

complexity as gestures, actions, interactions (human-object or human-human), and group

activities. Gestures are meant to be atomic limb movements of an individual, such as raising

a hand. Actions are performed by a person with the composition of gestures. For example,

a running person usually moves both feet and arms back and forth. Interactions can be a

human-object or human-human interaction where two or more objects and humans are in-

volved. For example, person riding a bike is an human-object interaction and two persons

kissing is an human-human interaction. Group activities, on the other hand, stand for con-

textual group activities such as two groups fighting. The definition of Aggarwal and Ryoo

covers almost all possible activities. However, the interaction term may be interpreted differ-

ently, such as Yang et al. [38] define the interactions as touch codes, called proxemics, which

aims to find physical relations of people such as hand touches hand or shoulder touches the

shoulder. [37, 53] defines the problem as semantic interactions such as a family, group,

crowd, etc. photos.

Most of activity recognition works are based on video data since the full behavior is ob-

servable in videos. The temporal information has a significant advantage in understanding

activities. In images, however, there are less researches than video since there is only a

glimpse of the scene, and without the temporal information recognizing an activity becomes

a challenging problem. The difficulty is also proportional to the complexity; it is much easier

to infer a gesture than a group activity in a still image.

Some researches, on the other hand, tries to take advantage of depth information [54, 55].

Especially with the launch of the Microsoft Kinect sensor, depth data became easy to access

[56, 57]. Depth data usually expressed with a 4th channel as RGB-D where D stands for

depth. The most important contribution of depth is that it enables one to isolate and localize

the activity from its background.

Another aspect of recognition would be based on the learning method since the computer

vision stepped into a new age with the rise of deep learning. Therefore, it would be fair to

split to activity recognition methods into two, such as deep and shallow approaches. The
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FIGURE 3.1: A taxonomy of activity recognition approaches depending on complexity, in-
put, sensor and learning approach types.

term shallow is used in [8] to express the traditional hand-crafted feature engineering-based

approaches.

The aspects of recognizing human activities are summarized above. A generalized taxonomy

of these aspects is given in Figure 3.1. The hierarchy under Shallow and Deep learning-based

methods could be elaborated a lot deeper. Nevertheless, it is hard to create a general grouping

that is also compatible with all video and image inputs or sensor types. For example, a deeper

taxonomy for human-human interaction recognition in videos based on learning methods is

given in Figure 3.3.

In the second part of this thesis, instance segmentation is used to attend the human body poses

to recognize human interactions better visually. (For a recent review on image segmentation,

the reader is referred to [58]). Segmentation is one of the hottest subjects of computer vision

and has been evolving since the last decade. It moved from detecting visually consistent

pixels to semantic segmentation [59] and instance segmentation [1, 60].

Our work is based on recognizing human-human interaction from still images. To have a

general idea of our work, a brief review of activity recognition frameworks based on the

learning methods are given below. The approaches get complicated from gestures to group
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FIGURE 3.2: Summary of action recognition methods in videos given by [8].

activities. However, they resemble each other more or less except that they are vastly sepa-

rated by the input type -image or video- they use. Therefore we divide the approaches based

on input type first and give further details on each separately.

3.1 Recognizing Human Activities In Videos

Recognizing human activities in videos is very popular research in the computer vision

community. There are even a lot of surveys on this. Some examine the whole activities

[61, 62, 63], most of them examine actions [8, 64, 65, 66] and thereon on human-human

interactions [9]. There is also a book on activities [67].

A recent survey on human actions [8] gives a detailed summary of methods on recognizing

interactions. Although it is mostly focused on actions, the taxonomy is quite comprehensive

and expressive that is applicable for all kinds of activity recognition tasks. Figure 3.2 shows

a visualization of the taxonomy given in [8].

Stergiou and Poppe [9] published a comprehensive survey on recognizing human-human

interaction in videos. The main focus of the survey is recent techniques that are based on

deep learning. A summarized taxonomy based on the learning methods presented in the

survey is shown in Figure 3.3. We stick to the original classification given in [9], which
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FIGURE 3.3: A taxonomy of recognizing human-human interactions in videos based on the
methods given by a recent survey [9].

classifies the studies based on learning methods as methods using hand-crafted features and

methods using learned features. This is actually the same classification as the taxonomy

based on learning method given in Figure 3.1, where handcrafted features corresponds to

shallow methods and learned features corresponds to deep methods.

Both of the surveys [8, 9] give a comprehensive intuition and history on activity recogni-

tion despite the fact that one focuses on actions [8] and other on human-human interactions

[9]. This is mainly because both activities share common interests as recognizing human

behaviors spanned through some time. However, we find that the examination of [8] is more

detailed on shallow approaches. Thus, we follow the same classification to give a summary

of the shallow approaches based on the work in [8].

3.1.1 Shallow Approaches

Shallow approaches or hand-crafted feature engineering-based methods could be divided into

two main parts [8, 9, 33, 64] as representation and classification. In the first part, descriptive

features are extracted from frames locally or globally, and these features aggregated from

important or all frames of the video. In the second part, these features are used to infer

an activity label to tell which class the video belongs to. The following two subsections

summarize the representation and classification methods.
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3.1.1.1 Activity Representation

For the shallow approaches, it is crucial to represent activities as machine-understandable -in

other words, discriminative- feature vectors. The nature of the problem makes it very com-

plicated, such as camera viewpoints, positions, qualities, lighting, environment, occlusion,

etc. Features should be expressive enough to solve a reasonable amount of these problems.

A rough classification of representation methods would be splitting them into holistic and

local approaches [8].

Holistic representations tries to model the entire human subjects in a video. Although they

provide a rich representation, they get severely affected by noise and background. For exam-

ple, Bobick et al. [68] presents Motion History Image and Motion Energy Image to create a

single image representation of the human action.

Local representations generally find interest points in the video and combines these features

with a bottom fashion to create a whole representation. There are several ways of detecting

interest points. The most famous ones are based on Harris corners [69, 70], SIFT [71], space-

time interest points (STIPs) [72], motion trajectory [73], histogram of gradients (HOG) [41]

or histogram of optical flows (HOF) [74]. STIPs provide a good representation of motion,

yet it is a short time of period. Therefore some methods track features such as SIFT [71] and

HOGs [73].

3.1.1.2 Activity Classification

The action classification step takes the features calculated in the first part and tries to find the

most suitable label for the given action. As stated by [8], the classification methods could be

categorized into several categories, as given below.

Direct classification methods represent the videos as a feature vector and run a classification

algorithm such as SVMs [75]. This method is not entirely successful as it does not incorpo-

rate the temporal information. Sequential approaches tries to solve this issue by modeling

the temporal movement of the features as hidden Markov models (HMM) [76] or condi-

tional random fields (CRFs) [77]. Space-time approaches, on the other hand, consider the

correlation between feature points through space and time [78, 79].
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Part-based approaches detects human body parts in frames and models the activity with

structural information collected by these body parts [80, 81]. A different line of work is man-

ifold learning approaches used in action recognition [82]. The aim is to reduce dimensions

of human silhouettes over time to small feature manifolds. Mid-level feature approaches pro-

pose to express features with a higher level, such as Bag-of-words [83, 84]. Finally, feature

fusion approaches tries to combine different features to create a better representation of the

activity [85, 86].

3.1.2 Deep Architectures

Shallow approaches are usually created based on hand-crafted features. These features re-

quire domain-specific engineering that prevents a generalized method. Deep architectures

eliminate the sub-optimal feature selection process by selecting the best parameters among

millions. However, straightforward deep architectures generally take an input image and

generate a classification score. This is a problem when recognizing human activities because

temporal information is a critical cue. Kong and Fu [8] categorize the solutions to exploiting

temporal information into three: Space-time, Multi-stream and Hybrid networks.

Space-time Networks uses 3D convolutions to capture the temporal information. 3D convo-

lutions are first presented in [10]. Multiple sequential frames are stacked together to form a

cube, and a 3D convolution kernel is applied to this cube. Tran et al. [87] presents a network

architecture based on 3D convolutions called C3D. It is shown that 3D convolutions learn

better representations of spatio-temporal features than 2D convolutions.

Multi-stream Networks proposes to use multiple convolutional networks to exploit both tem-

poral and spatial information. Karpathy et al. [13] proposes several variations of 2D convo-

lutions applied to consecutive frames that are fused at different levels (layers) of the network.

Three network variations based on the fusion technique are presented: early, late, and �slow

fusion. Early and slow fusion use 3d convolutions as in Space-time Networks. Late fusion,

on the other hand, fuses the output of two single networks in the first fully connected layer

at the end. Input to each network is given as two frames in a video with a distance of 15

frames. Simonyan and Zisserman [6] proposes to use a two-stream architecture where the

optical flow is used as the temporal information. Softmax outputs of each stream are fused

to generate a single classification score. [88] extends the work of [6] by using it as a feature

extractor centered around the detected point trajectories. A fisher vector representation of

these features is created and fed to linear SVM to train the action classifier. Girdhar et al.
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[89] proposes a new pooling layer called ActionVLAD that pools features from both spa-

tial and temporal domains. ActionVLAD is used in a two-stream fashion to exploit motion

information better.

Hybrid Networks use recurrent neural networks(RNN) to exploit temporal information. Such

networks use the standard CNN architectures as a feature extractor for each frame and feed

the features into RNNs, hence the name Hybrid Networks. Plain RNNs suffer from vanishing

gradient problem. Therefore improvements such as Long short-term memory (LSTM)[90] is

used to encode temporal information. A typical example of Hybrid Networks is presented in

[11]. Features from single frames extracted by CNNs are fed to LSTMs to learn the temporal

nature of the action. The average of each LSTM node is used as the final classification score

of the video.

Deep neural network architectures to classify human activities are summarized in this sec-

tion. Figure 3.4 demonstrates a visual summary of these architectures.

3.2 Recognizing Human Activities in Still Images

3.2.1 Action Recognition

Human action recognition is widely studied in still images. One of the earliest methods [91],

hand-labels joints of human limbs to create 3D representations of poses and uses the distance

of endpoints as features to classify actions. Wang et al. [92] use similarity of edges to cluster

human actions in sports news. [93] combines the existence of certain poses, scenes, and ob-

jects. [94] represents human poses with histograms of rectangular and orientational regions,

then classify with Support Vector Machines (SVM). [95] presents Pose Primitives, which are

based on Histogram of Oriented Gradient (HOG) [41] features. [96] combines features of

person and background. Yao et al. [97] defines attributes for verbs, which describe human

action, such as sitting and riding, parts for poselets, and objects related to the actions. They

also introduce the well known Stanford 40 Action Dataset with this work. [98] combines

pose and context features together and train an SVM classifier. [99] defines a graph model

encoding spatial configuration of body parts. [100] investigates relations between actions

and objects, which are usually around when a specific action is being performed. A recent

work [101] introduces quite a challenging dataset called MPII Human Pose Dataset (MPII),

which contains 393 action classes and 15205 images in total.
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FIGURE 3.4: Video classification networks. (i) 3D-convolution [10], (ii) 2D-Convolutional
LSTM over a sequence of frames [11], (iii) 3D LSTM [12], (iv) slow-fusion [13], (v)
two/multi-stream CNN [6, 14] and (vi) two-stream 3D-Conv network [15]. This figure is

taken from [9].

[102] exploits the contextual cues around the person taking the action. A modification is

applied to R-CNN [103] to use more than one region while still being able to localize the

action. [104] proposes an attentional pooling method that replaces the last convolutional and

fully connected layers. Attention-based approaches have been a topic of interest that is ex-

plored in many recent works. Minaee and Abdolrashidi [105] propose to use an attentional

convolutional neural network for recognizing facial expressions. Wang et al. [106] proposes

a framework that combines residual networks with multiple attention modules. [107] pro-

poses an Attention Branch Network which uses attention maps for a visual explanation of

images.
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Lu et al [108] introduces a different approach to learn human actions. By adding a person

detection branch to the model, it is also forced to find the pixels that belong to a human body.

The loss of two branches is combined to create a single end-to-end learning task. Therefore,

the layers before the branch have to learn features that represent both actions and human pose

at the same time. This method could be considered as the opposite of the proposed approach,

which uses the already detected poses as input to the learning framework.

3.2.2 Human-Object Interaction Recognition

Recognizing human-object interactions on still images is another topic of interest. [109] uses

the interaction between humans and objects to detect them in the images better. Yao and Li

[25] describe a new image feature representation called grouplet, which is a structural rep-

resentation of discriminative visual features and their spatial configurations. A new dataset

called People-Playing-Musical-Instruments (PPMI) is introduced for evaluation. [26] com-

bines low-level pixel features and high-level structural features based on body parts. A recent

work introduces a challenging dataset HICO [110] for human-object interactions. HICO con-

tains 600 interactions which cover 117 actions with 80 common objects. For each image, all

salient interactions are labeled as ground-truth; in other words, it is a multi-labeled dataset.

3.2.3 Human-Human Interaction Recognition

Human-human interactions in images is still a less-studied subject that is open for further

progress. Yang et al. [38] define the interactions as touch codes, called proxemics, which

aims to find physical relations of people such as hand touches hand or shoulder touches the

shoulder. [37, 53] defines the problem as semantic interactions such as a family, group,

crowd, etc. photos. On the other hand, [37] and [53] combines several features such as

distance between people, people configuration, camera pose, shot position, and the number

of group layers. A recent work [111] uses a deep learning framework and a multi-stream

fusion scheme to recognize human events. Events are broader than interactions since they

involve any activity that one or more people perform.

Another study area that could be related to our work is event recognition in still images

[112, 113, 114]. Event recognition research aims to recognize a certain scene or event in

images or videos. Datasets in this field are different from ours. Event recognition datasets

describe an event like Christmas, weddings, etc. In such images, the main focus is not the

people, but visual elements for an event. In a multi-person interaction recognition problem,

we focus on the presence of people and try to infer the interaction based on images of people.
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Convolutional Neural Networks outperforms traditional classification methods. Although

it’s straightforward to process a single input or feature such as an image, the problem of

integrating information from different inputs remains to be solved. Early studies consider

combining inputs directly at the pixel level [13], or training separate networks and fuse the

classification scores [6]. On the other hand, later studies [7, 50] show that fusing at a point

before the classification layer enables the networks to be trained end-to-end, which produces

better success rates. Inspired by these works, we define several pose representations to be

processed as independent inputs to CNNs. Furthermore, to combine the information obtained

from these inputs, we fuse the CNNs similar to the approach of [7, 50].

The first part of our work uses facial features to recognize human interactions. In this work,

we are inspired by [27], which uses face detection responses to recognize social human

interactions in video sequences from a first-person perspective camera. They propose to use

Markov Random Field for frame-based feature representations and a Hidden Conditional

Random Field to represent sequence-based features. In our work, we propose several simple

features based on face regions for recognizing human-human interactions in the images.

In the second part, we study the effects of poses on recognizing human-human interactions in

images. Our approach differs from the related work as we aim to find high-level social inter-

actions such as hugging or handshaking. Our work validates that the human pose information

possesses a large degree of discriminative power in recognizing human-human interactions.
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4. FACIAL DESCRIPTORS FOR HUMAN INTERACTION
RECOGNITION IN STILL IMAGES

In this chapter, we describe the facial descriptors and the learning procedure that we have

proposed for interaction recognition.

Our approach begins with the detection of the faces. For this purpose, we first apply a recent

algorithm of [2], since it outputs three essential information about the faces: (1) Orientation

of the face in the range of [-90°, 90°] with a resolution of 15°, (2) location of the face in the

image and (3) size of the face in pixels. The orientation of a face is defined as the angle

of the face with respect to the imaginary axis that crosses from the midpoint of the chin and

the forehead. For reducing the number of false negatives in face detection, we also employ

the OpenCV implementation of [115], which only gives the location and size of the images

and whether they are frontal or profile. The face detections from these two approaches are

combined in the following way: (1) If both of the detectors find a face in the same region,

[2]’s output is used, since it is shown to be more accurate and it outputs face orientation

estimates as well as face locations. (2) While using the Viola-Jones face detector, if the only

frontal face is detected, the orientation is assumed to be 0°. If a profile face is detected, then

the orientation is assumed to be 90°. If both frontal and profile face detectors fire within the

same region, it means that the orientation of the face is between [0°, +/-90°]. To quantize the

angle, the intersection ratio is normalized to [0°-90°] interval.

After detecting the faces, we extract several mid-level descriptors based on the facial regions.

Below, we introduce each of these descriptors.

Histogram of Face Orientations (HFO): In order to account for the distribution of face

orientations, we propose to use Histogram of Face Orientations (HFO), which simply is

based on the count of face orientations for each angle in an image. In other words, it is

the distribution of face orientation frequencies in an image. This descriptor has 13 feature

dimensions (13 histogram bins), which corresponds to 15°resolution in [-90°- 90°] interval.

Figure 4.1 shows some example HFO descriptors.

Histogram of Face Directions (HFD): We observe that using orientations with a lower

resolution can also be useful to discriminate interactions. Based on this observation, we
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FIGURE 4.1: Extraction of the histogram for the orientation of faces. First row shows face
detection and orientation estimation results and second row shows the histograms of face

orientations (HFO).

form a coarser histogram representation of the face orientations and call it Histogram of

Face Directions (HFD). This HFD feature comprises the distribution of direction frequencies

in the images. Directions are defined as left, front and right which correspond to the angle

intervals [-90°, -45°], [-30°, 30°] and [45°, 90°] respectively. This descriptor is basically a

coarser form of HFO, and it has three dimensions.

Distances of Faces (DF): The relative locations of the faces can also be representative for

an interaction. In order to capture this information, we propose to use histogram of relative

distances between faces in terms of pixels. Let Li = (xi, yi) be the location of each face

center and Di is the distance of each face to the global center of faces. If there are two faces

in the image, the distance is simply the Euclidean distance of the faces. If there are more

than two faces in the image, first the center point C of the faces is calculated

C(x, y) = (
1

N

N∑
i=1

Lx,
1

N

N∑
i=1

Ly) (4)

where N is the number of faces detected in the image. To normalize the distances, we divide

each of the distances to the maximum face size S = max(si), where si = max(sx, sy) is the

max edge size of ith face. Then, Di is calculated as

Di = min(K,max(1, d
√
|Li − C|2/Se)) (5)

where, K is the maximum distance value for a face.

We then form the histogram of distances, which simply comprises the distribution of distance

frequencies in the images. The maximum distance value K defines the number of bins of

the histogram since distance values are bounded to the interval [1, K] and discretized into
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equal-sized bins. We set K such that at least 95% of the faces are covered within the region

defined by this maximum distance value, and in our dataset, we observe that K = 5 satisfies

this condition.

Circular Histogram of Face Locations (CHFL): In order to capture the relative layout of

people within an image, we propose to use a histogram of their locations. For this purpose,

a circle is fit to the center of the extracted faces within an image. The center C of the faces

is calculated as in Eq. 4. Radius r of the circle is calculated as the maximum face distance

to the center: r = max(Di). Thereafter, the circle is divided into equal parts like a pie chart

by an angle α. Then the distribution of faces over the pies is calculated as a histogram. To

decide which face lies on which pie, the angle φ of the line that crosses both C and Li is

calculated as:
φ = arctan

(
yi − Cy

xi − Cx

)
(6)

where xi and yi are the x-y coordinates of ith face in the image. having identified the pie

index of the face in the circle, the last step is to create a histogram that comprises the distri-

bution of face frequencies over the pies of the circle. The histogram consists of 2π/α bins,

and the location of the face projected on the histogram as α/φ. Figure 4.2 shows example

cases on how this CHFL global descriptor is extracted.

Grid Histogram of Face Locations (GHFL): Similar to CHFL, we also form the grid his-

togram of face locations, in order to capture the spatial layout of the multiple people within

an image. For this purpose, the image is split into the M × N size grids where the center

of the middle grid is the center of the faces. A M × N -bin histogram is created, and the

number of faces falling within the respective grid is computed. Our preliminary results show

that 1 × 3 grid size gives the best results since, for most of the interaction images, faces lie

on the horizontal plane.

In addition to the visual features described above, we also include the number of different

facial orientation directions to our list of global facial descriptors. Our final feature length

for the combined descriptor, therefore, becomes 31.

Scene features: In order to capture the general characteristics of the scene and to investigate

its influence on human-human interaction recognition, we use GIST descriptors proposed by
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[42]. GIST features provide a low-dimensional representation of the global scene layout.

In addition, we utilize Bag-of-Words (BoW), both as a baseline and a global scene descrip-

tor. We extract dense SIFT features from the images and create a codebook using k-means

(k=1000). Then, each image is represented with the histogram of codewords. We addition-

ally employ spatial pyramid matching (SPM) of [44], with 2× 2 grids.

Deep features: State-of-the-art in many computer vision classification tasks has received a

significant gain in performance with the introduction of deep learning and the Convolutional

Neural Network (CNN) architectures.

In order to explore the effect of these architectures over the human interaction image recog-

nition, we use two kinds of deep features, which are trained using the large scene dataset

called Places ([116]). This deep feature is called Places-CNN and is trained using the Caffe

package over the dataset of 2,448,873 images of 205 categories. The output of the FC7 layer,

which is 4096-dimensional, is taken as the deep feature, and a linear SVM is trained using

our training set.

We also evaluate a similar feature called Hybrid-CNN, based on the same architecture, but

trained over the larger dataset that combines both the Places and the ImageNet datasets

([116]). This joint training set has 3.5 million images from 1183 categories. Due to the

broadness of classes in the training set, this Hybrid-CNN feature is likely to capture both

the scene and the object characteristics. The reason for not using ImageNet alone is that

ImageNet is mostly oriented towards singular object information. By using Places dataset

together with the ImageNet dataset, we aim at capturing scene information, as well as to

object information. The results of using both of these deep features are given in the Experi-

mental Evaluation section.

31



1 2 3 4 5 6

1

2

1 2 3 4 5 6

1

2

1 2 3 4 5 6

1

2

1 2 3 4 5 6

1

2

FIGURE 4.2: Example images for the calculation of Circular Histogram of Face Loca-
tions(CHFL). A circle is fit to the center of the faces within the image, with a radius equal to
the maximum distance of a face from the center. The circle is split into 60°pie regions and

the distribution of faces falling into the (360°/60°) pies are calculated via a histogram.
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5. MULTI-STREAM POSE CONVOLUTIONAL NEURAL
NETWORKS FOR HUMAN INTERACTION RECOGNITION IN

IMAGES

The human pose is one of the most distinctive features for recognizing human-human interac-

tions. In order to make use of most of the pose information, several different representations

of poses, and their utilization within CNN architectures are explored. In accordance with

this purpose, three representation forms along with the original RGB inputs are employed:

(i) pose masks (PM) images to describe poses for interactions (ii) pose only (PO) images to

estimate context information (iii) and finally pose highlighted (PH) images are introduced

to elevate background context while preserving pose information for interactions. The other

main component of the proposed approach is to predict an interaction label for the given

inputs. To this end, multi-stream pose CNN architectures are introduced that aggregate the

information from multiple streams and predict an interaction label directly from the given

inputs for each. Below, each of these representations and the corresponding architectures is

described in detail.

5.1 Pose Masks

Since by intuition, poses can be considered as the key elements of an interaction, we aim to

evaluate this property and assess how well the poses describe an interaction. In accordance

with this purpose, we propose to use Pose Masks Images (PM). To this end, we first detect

the poses within the images using MaskRCNN [1], where corresponding response maps

yield individual poses. More formally, let Pi be a binary image with a size equal to the

original image for each pose detected by [1]. The pixel Pi(x, y) is 1, if it is a pose region

and Pi(x, y) = 0 otherwise. Next, the combined pose mask image PM is defined as the

combination of these individual poses and is calculated as follows:

Mi(x, y) = max(Mi−1(x, y), Pi(x, y)) (7)

where Mi is the combined binary image of i pose maps, and M0(x, y) = P0(x, y). After

this combined pose map is formed by combining all the pose detections, it is converted to an

RGB image with background areas set to a constant value µ:

PM(x, y) =

M(x, y)× 255, if M(x, y) = 1

µ, otherwise
(8)
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We select µ as mean RGB values of ImageNet [45]. The example Pose Mask images are

shown in Figure 1.2 column b. The effect of µ value is also observable in the figure, see how

the background areas of the images are greyed out.

5.2 Pose Only Images

Pose Mask Images are capable of describing the poses, yet they suffer from the lack of

context. To cope with this, we also propose to use an alternative representation, which we

refer to as Pose Only (PO) Images. In this representation, instead of using the mask of

the poses, the regions containing the poses are used as is, while the background is set to a

constant value µ. More formally, the Pose Only (PO) Image of an image I(x, y) is calculated

as:

PO(x, y) =

I(x, y), if M(x, y) = 1

µ, otherwise
(9)

M is the combined binary mask image defined in Equation 7. Example PO images are shown

in Figure 1.2. As can be seen, these images include the regions of the images that are masked

by the pose detections.

5.3 Pose Highlighted Images

PO Images tell a lot about the interaction. For instance the people in the middle row of Figure

1.2 column c are clearly talking to each other. However, in some cases PO fails because of

two main reasons: background context might be missed and pose detection does not give

perfect results. Although MaskRCNN [1] does a great job detecting people in images, it’s not

100% accurate in pose estimation. There are a lot of cases where some of the limbs are either

incomplete or not even detected. An example case is shown in Figure 1.2 last row, where

the face of the man is missed by the detection algorithm. To decrease the effect of these

problems, we introduce Pose Highlighted (PH) images. In PH images, a multi-Gaussian

shaped mask, created from each pose mask, is multiplied with the original image to increase

the contribution of human containing areas; while decreasing the effect of background areas.

PH contains only a small amount of background context information. However, it recovers

the artifacts of pose detection and creates more natural pose images to process.
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Let F = [Fx, Fy] represents the maximum size (length and width) of a detected pose in an

image, binary pose mask M is smoothed by a Gaussian filter G as:

S = M ∗G (10)

where M is the pose mask given in Equation 7 and ∗ denotes convolution operation. Size of

the filter G is directly proportional to F as Gsize = θ × F , where θ is a constant. To make

sure that filter sizes are always reasonable, we limit the size with lower (Gmin) and upper

(Gmax) bounds where Gmin ≤ Gsize ≤ Gmax. In our experiments we empirically determine

θ as 0.2, Gmin as [25, 25], and Gmax as [50, 50]. Although this makes the pose regions diffuse

outside, smoothing causes loss of too much weight near edges of pose regions. To avoid this,

smoothed S and original M masks are combined with an alpha filter as follows:

S ′(x, y) = M(x, y)× α + S(x, y)× (1− α) (11)

where α = 0.05 is selected empirically. This restores the information around pose edges, yet

it needs to be normalized to [0− 1] interval to be applied to the image:

S ′′(x, y) =
S ′(x, y)−min(S ′)

max(S ′)−min(S ′)
(12)

Finally, the pose highlighted image PH is created as:

PH(x, y) = I(x, y)× S ′′(x, y) (13)

Figure 5.1 visualizes this formation process of PH Images. Three samples are shown in the

figure. It can be seen that some of the limbs are recovered to a certain extent.

5.4 Multi-Stream Pose CNNs

5.4.1 Multi-stream CNNs

Poses may not cover all the visual information for recognition of interactions, since addi-

tional contextual content, such as the scene and the overall layout may also involve signifi-

cant cues for recognition. In this regard, poses can be used as an auxiliary contributor to the

visual information extracted from the overall scene. Stemming from this point of view, we

introduce the “multi-stream pose Convolutional Neural Networks”.
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FIGURE 5.1: Process of creating a pose highlighted image. Rows are from top to bottom;
1. Original images. 2. Pose mask image detected from original image. 3. Smoothed pose
mask. 4. Pose and smoothed masks combined with alpha filter where α = 0.05. 5. Original
Image. 6. Pose Only (PO) image, included here to compare with pose highlighted image. 6.

Pose Highlighted image generated by multipliying c with original image.
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FIGURE 5.2: Demonstration of our 4-Stream Pose Network based on ResNet152 model.
Each row represents a stream in the overall model. From top to bottom, streams are RGB,
Pose Mask, Pose Only and Pose Highlighted. Fusion is done right before the final FC layer

with a 1x1 Convolution Block.

The overall idea is based on the seminal work of Simonyan and Zisserman [6], where two

different Convolutional Neural Networks that operate on different input types (RGB and Op-

tical Flow) are used in conjunction for action recognition in videos. Simonyan and Zisser-

man were the first ones to introduce the idea of using two CNNs operating on different input

forms. In our context, each stream corresponds to a CNN that operates on different inputs,

which are RGB, Pose Masks (PM), Pose Only (PO) and Pose Highlighted (PH) Images.

Specifically, given the raw RGB image, PM, PO and PH images are extracted, and each of

these meta-representations is fed into separate CNN streams. We investigate several ways of

combining different streams: (1) Two-stream networks where the first input is the raw image,

and the second input type is PM, PO or PH images. (2) Three-stream networks that operate

on RGB and two of the pose representations. (3) Multi-stream networks that operate on all

of the pose representations. Figure 5.2 shows this third model, where each of the individual

streams is based on ResNet [4] architecture.
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5.4.2 Fusing Streams

In cases where more than one network streams are used for a single learning task, the in-

formation from each stream has to be combined together at some point. When the output

dimensions of the layer to be fused are equal, it’s straightforward to fuse the streams. In

these kinds of situations, different fusion techniques are considered such as sum, max, con-

catenation, convolutional layer, etc. In our preliminary experiments, we have observed that

fusion with convolution produces the most stable results. This finding is also in accordance

with the findings of Feichtenhofer et al. [7] which shows that fusing by a convolutional

layer is a good choice. In order to do this fusion, basically, features from each stream are

vectorized and concatenated as:

ycatN,Kd,1,1 = f cat(x1N,d,1,1, x
2
N,d,1,1, ..., x

K
N,d,1,1) (14)

where Xk
N,d,1,1 denotes the feature vector of a stream with size d, batch size N , and k repre-

sents the kth stream, where k ∈ {1 . . . K}. Next, the concatenated features are fed to a 2D

convolution layer with input size (N,Kd, 1, 1) and output size (N, d, 1, 1). While reducing

the feature size, the convolution also learns the correspondences of each feature map which

makes it a powerful method. In our model, 1x1 convolutional layer is used to fuse multiple

streams.

We use cross-entropy loss along with a softmax classifier layer for training the network. The

loss function is defined as:

L = −
C∑
i=1

yilogŷi (15)

where C is the number of classes, y is a one-hot label vector, and ŷ is the vector of class prob-

abilities. Note that in a multi-stream network ŷ is function of each input stream formulated

as ŷ = f(x1, x2, ..., xK).

In our multi-stream architecture, ResNet [4] is used as the primary base CNN architecture

within the individual streams. ResNet [4] is one of the most successful recent CNN archi-

tectures that offer high accuracy recognition rates for the image classification problem. The

idea behind its success is the residual learning architecture, which is made possible by the

usage of skip-connections. In general, skip-connections refer to those connections skipping

one or more layers. In ResNet, the authors simply perform identity mapping. More formally,

an input x goes through conv-relu-conv series. This produces some F (x) which is added to
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the original input x, resulting an H(x) = F (x) + x. H(x) would be equal to F (x) in a reg-

ular CNN without skip-connections. Instead of computing F (x) as a straight mapping from

x to F (x), the term to be added to the original x is being computed via the layers. In other

words, the residual block is computing a small change to the original input x, making the

CNNs more easily trainable by bypassing the vanishing gradient problem. ResNet [4] has

four main blocks, which are created by stacking residual blocks, and a classification layer at

the end. Simplified versions of these blocks are shown at the bottom of Figure 5.2.

5.4.3 Fusion Architectures

A multi-stream CNN architecture requires the information extracted from each stream to be

combined at a point. Early studies such as [6] use late fusion technique where each stream

is trained individually and fused by averaging the scores or training a linear classifying on

the scores. On the contrary, recent studies such as [7, 50] consider early fusion where the

whole architecture is trained end-to-end. We evaluate both early and late fusion in our exper-

iments. On the other hand, early fusion is chosen for benchmarks because it’s slightly better

in general. Although early fusion is slower at training time, there is no much difference in

test time.

As for the late fusion, every single stream’s score is summed to obtain the final classification

score. For the early fusion case, we opt to fuse every stream at the same location. The

reason for this choice is that we use the same network architecture for each stream with

different inputs. Hence the model does not get complicated and has a uniform setup. As a

consequence, our task is reduced to selecting a common fusion point for all streams.

In the ResNet [4] architecture, which is the primary network architecture in this work, there

are 4 main blocks and a classification layer at the end. In our experiments, fusing before each

of these blocks and classification layer are tested to find out the best fusion point. Figure 5.2

is an example of fusing before the classification layer. The output of individual streams is

concatenated at the fusion layer and fed to a 1x1 Convolutional block. The rest of the network

is processed the same as in the original CNN model. Our experiments on ResNet architecture

shows that the success of the network increases while the fusion point gets closer to the end

of the network.

39



6. DATASET

Human interaction recognition is a subjective term, especially in the image domain. Im-

ages contain only a glimpse of interaction; therefore, it is hard to define solid interaction

categories. For example, Yang et al. [38] defines interactions as touch codes, such as hand

touches shoulder. In this work, interactions are defined as observable behaviors between two

or more people. As for the first part, the role of human faces is investigated. Since this is

the first research on this basis, a new dataset called Human Interaction Images (HII) is col-

lected. Although HII is a challenging and large enough dataset for a traditional classification

method, it is relatively small to train deep learning tasks. Thus, for the second part of our

work, HII is extended in the number of instances per class, which is called HIIv2. These two

datasets are further elaborated in the following sections.

6.1 Human Interaction Images (HII)

In order to evaluate the proposed facial descriptors and their effects on human-human in-

teraction recognition, we collected a new image dataset that includes ten human interaction

classes. These classes are boxing-punching, dining, handshaking, high five, hugging, kick-

ing, kissing, partying, speech, and talking. Each class contains at least 150 images, forming

a total of 1971 images. When collecting the dataset, we gather images such that one of the

target interaction classes is present, and at least one person has a visible facial region in each

image. The images for the boxing-punching, handshaking, high five, hugging, kicking, kiss-

ing and talking classes usually include two to three people, whereas the number of people in

the images for the dining, party and speech classes varies significantly. Figure 6.1 illustrates

example images from this dataset. Most common queries are used to download the images.

For example, queries such as man kissing woman, lovers kissing, mother kissing son, etc. are

used to download images. Different search engines are used to diversify the query results.

HII dataset is used primarily for the evaluation of our work on faces. Our approach uses the

size, location, and orientations of faces in the images. Face detectors are used to collect this

information automatically. Although the face detectors are capable of detecting the majority

of faces, they are not 100% accurate. There are a considerable amount of faces that are not

detected or false-positive detections. Therefore, to validate our work on faces, ground-truth

face information in the whole dataset is annotated by human annotators. An application is

created to annotate images. For each image in the dataset, a rectangle, which corresponds to

the size and position of the face, and an angle is determined for each face. Figure 6.2 shows

a screenshot from this application. A sample from the High-Five class is shown in the figure.
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FIGURE 6.1: Example images from HII dataset. Each row belongs to one of the ten classes
for this dataset, boxing-punching, dining, handshaking, highfive, hugging, kicking, kissing,
partying, speech and talking. Note that, the poses and appearances of the people in interac-

tion is quite diverse, making it a challenging dataset.
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FIGURE 6.2: Example screenshot from the face annotation application. Two faces are an-
notated with size, location, and orientations. Bottom row shows sample annotations as ref-

erence.

Two people are involved in the image, whose faces are clearly visible. Rectangles, covering

the faces, are drawn, and the orientations of faces are selected as 90° and −60°.

HII dataset is available online to the public at https://gtanisik.github.io/

projects/hii address. The ground-truth annotations are also shared on the web site.

6.2 Human Interaction Images v2 (HIIv2)

With the rise of deep learning, the hunger for more data has increased substantially. Studies

[117] have shown that small datasets with images at the scale of the hundreds are insuffi-

cient for deeper convolutional neural network architectures to converge. The size and the

number of available datasets are also quite limited for human-human interaction recognition

in images. To the best of our knowledge, there is only one image dataset available online

for human-human interaction recognition that is out HII dataset. This is a relatively small

dataset to acquire a well-trained deep CNN architecture. We have first tried to evaluate our

models on this dataset; however, during training, we observe perfect overfitting with a deep

CNN architecture such as ResNet [4].

To address this issue, we extend the HII dataset, such that the number of images in each

category is at least 1000. To extend the dataset, queries are created for each class, and they are
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FIGURE 6.3: Example images from HIIv2 dataset. Three example images are shown for
each of the ten classes for this dataset, boxing-punching, dining, handshaking, high five,
hugging, kicking, kissing, partying, speech and talking. Note that, the poses and appearances

of the people in interaction is quite diverse, making it a challenging dataset.
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TABLE 6.1: Comparison of the image datasets on human-human interaction recognition.

Dataset b&p. din. h.sh. h.fv. hug. kick. kiss. pty. sp. tlk. total
HII 193 207 226 198 213 151 196 193 208 187 1972

HIIv2 1000 1084 1204 1027 1000 1002 1044 1053 1081 1007 10502

FIGURE 6.4: Screenshot from dataset verification application. Each image is checked by
an human annotator and determined as correctly belongs to the corresponding class. In the
example shown above, the class being verified is Kissing, and the image is determined as a

correct instance of Kissing class.

fed to Google Images Download1. The results of these queries usually include too many false

positives. In order to filter out these out-of-class images, we make use of the pose detection

of MaskRCNN [1]. For each image, the poses are detected automatically by MaskRCNN,

and the images containing less than two poses are discarded. Next, all remaining images

are verified by human annotators, and wrongly labeled images are discarded. An application

is created for the verification of images. Figure 6.4 is a screenshot from this application.

The green background indicates that the image is already determined as a correct instance of

Kissing class.
1https://github.com/hardikvasa/google-images-download
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FIGURE 6.5: The process of collecting images. 100 images downloaded for each query by
Google Images Download library. MaskRCNN[1, 16] is used to eliminate images containing
less than 2 persons. Remaining images are verified visually and inappropriate images are

excluded. Finally duplicate images are removed by the open source digiKam application.

Finally, duplicates are removed using the open-source digiKam1 application. This process is

repeated until the number of images in all classes is sufficient. As mentioned before, 1000 is

selected as the minimum number of images for each class. Example images that are collected

as a result of this process are given in Figure 6.3. Visualization of this visual data collection

and cleaning process is given in Figure 6.5.

Another point to note is that since the images are collected from the web resources, most of

them are real-world images; hence, an image may contain multiple interactions. For example,

both kicking and punching may co-exist in a scene, or people may kiss at a party. In such

cases, we look for the dominant interaction; if one interaction is solely dominant and can be

clearly identified, we set it as the ground truth class; otherwise, the image is discarded.

At the end of this data collection process, the total amount of images in this extended dataset

becomes 10502. The available set of classes is the same with the HII dataset, where the

classes are boxing-punching, dining, handshaking, high five, hugging, kicking, kissing, par-

tying, speech and talking, respectively. We call this new version of HII dataset as Human

Interaction Images v2 (HIIv2). The final dataset statistics are given in Table 6.1. Differ-

ent from the HII dataset, HIIv2 is collected for the evaluation of our second work, which

uses human poses as the primary feature set. Therefore, faces in HIIv2 are not annotated

as in the HII dataset. HIIv2 is available online at https://gtanisik.github.io/

projects/hiiv2 address.

1www.digikam.org
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7. EXPERIMENTAL RESULTS

7.1 Facial Descriptors

Implementation Details: The final face descriptor is formed by simply concatenating the

proposed individual facial descriptors, which form a 31-dimensional feature vector. We then

use Support Vector Machines (SVMs) with Gaussian-RBF kernel for learning separate clas-

sifiers for each descriptor type (face, scene, and deep). We evaluate the recognition per-

formance in terms of average precision (AP) using five-fold cross-validation. During the

training phase, we select a single kernel bandwidth and SVM cost parameter using a greedy

search over the training set. We then use the same parameters in all folds, for all classes.

After learning individual classifiers for each feature type, their responses are combined via

late fusion. To this end, the prediction scores of individual classifiers are used as an input to

a linear SVM. In this way, we aim to learn the optimal fusion weights of the descriptors. We

use the output of this second layer SVM as the final classification score.

In our preliminary experiments, we experiment with different classifiers such as Random

Forests, Neural Networks, and Bayesian classifiers. While we obtained comparable perfor-

mances across these methods, we observed slightly better results with SVMs. Therefore,

we use SVMs in all our experiments, which also simplifies the comparison of the proposed

descriptors.

7.1.1 Results and Discussions

In this section, we first present an evaluation of the proposed facial descriptors in detail.

Then, we evaluate the combinations of the facial descriptors together with GIST, BoW on

dense SIFT, and CNN features.

TABLE 7.1: Average Precisions of the individual face descriptors using the face detection
outputs

Feat. b&p din. h.sh. h.fv. hug. kick. kiss. pty. sp. tlk. AVG
HFO 12.1 21.9 21.0 10.0 15.9 18.6 17.3 40.2 36.6 13.5 20.7
HFD 15.7 20.6 21.5 15.7 8.3 22.7 18.2 42.7 37.8 16.8 22.0
DF 15.6 24.6 23.3 12.1 14.3 5.9 23.7 23.4 21.8 13.2 17.8

CHFL 14.9 19.3 19.9 17.3 13.3 13.3 13.9 17.7 16.3 8.9 15.5
GHFL 14.8 25.2 22.3 12.4 22.8 22.8 18.2 27.0 18.1 14.1 19.8
Comb. 14.2 30.0 24.8 9.1 22.5 15.4 48.0 44.4 34.7 17.9 26.1
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TABLE 7.2: Average Precisions of the individual face descriptors using ground truth faces

Feat. b&p din. h.sh. h.fv. hug. kick. kiss. pty. sp. tlk. AVG
HFO 14.0 40.8 31.7 13.0 49.6 9.3 24.0 54.9 91.8 14.5 34.4
HFD 13.9 52.4 22.1 16.1 43.4 12.5 17.4 48.5 89.0 17.8 33.3
DF 15.8 41.8 28.7 9.3 38.9 32.9 51.3 36.6 65.0 27.8 34.8

CHFL 12.8 33.2 20.5 13.1 25.4 12.0 13.8 38.8 72.6 16.0 25.8
GHFL 10.7 48.1 21.9 6.2 32.4 17.4 8.2 46.0 70.1 14.2 27.5
Comb. 17.9 57.1 41.2 9.7 61.8 28.0 85.3 69.4 90.7 14.9 47.6

To evaluate the performance of facial descriptors, we have two settings: 1) Automatic: We

use the output of the face detectors, 2) Face ground truth: We manually label each face

region, together with the correct orientation of the face. Using the first setting, Table 7.1

presents the recognition rates of the proposed facial descriptors individually and combined.

According to these results, Histogram of Face Directions (HFD) gives the best performance

amongst the individual descriptors, whereas Circular Histogram of Face Locations (CHFL)

performs the worst. Overall, the combination of all descriptors yields the best performance.

We also observe that especially highfive, boxing-punching and kicking classes are difficult

to identify. In these interactions, the relative spatial distributions of the faces tend to have a

more random structure, and this affects the classification performance of facial descriptors.

By a qualitative evaluation of the dataset, we observe that the following conditions mainly

affect the recognition performance: (1) In photographs, people usually look at the camera, so

the natural orientations or directions of the faces can not be inferred. It is not easy to harvest

images that depict the natural occurrences of the interactions. (2) Face detection algorithms

may not find all the faces that are visible in the images. Although we use state-of-the-art

face detection algorithms, many false negatives occur. (3) False positives also affect the

performance of the facial descriptors negatively.

In order to evaluate the performance of the proposed descriptors independent of the errors

introduced by the face detection, we annotated the faces in images with both location and

orientation information and obtained the ground-truth faces. In this way, we aim to simulate

the case with the perfect face detector. The results using this setting is presented in Table

7.2. The overall mean average precision of the combined descriptors with ground-truth faces

rises from 26.1% to 47.6%. In other words, if we have perfect face detector and estimations

for face orientations, we can achieve 47.6 mAP, even with relatively simple 31-dimensional

face descriptors. There are also some interesting observations; An average precision as high

as 91.8% is achievable using only HFO features for the speech class. This is not surprising,
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TABLE 7.3: Comparison of the feature combinations using facial descriptors formed over
the output of the face detectors.

Type Feature AP
Regular FaceDesc 26.11

GIST 43.52
BoW 58.25

BoW-SPM 58.68
Combined BoW-SPM + GIST 59.46

FaceDesc + GIST 47.13
FaceDesc + BoW-SPM 59.77

FaceDesc + GIST + BoW-SPM 60.60
Deep Places-CNN 72.8

Hybrid-CNN 77.86
Deep Combined FaceDesc + Places-CNN 73.44

FaceDesc + Hybrid-CNN 78.33
GIST + BoW-SPM + Hybrid-CNN 75.05

FaceDesc + GIST + BoW-SPM + Hybrid-CNN 76.09

TABLE 7.4: Comparison of the feature combinations using facial descriptors formed over
the ground truth faces.

Feature AP
GtFaceDesc 47.59

GtFaceDesc + GIST 56.18
GtFaceDesc + BoW-SPM 63.41

GtFaceDesc + GIST + BoW-SPM 64.48
GtFaceDesc + Places-CNN 76.05
GtFaceDesc + Hybrid-CNN 80.11

GtFaceDesc + GIST + BoW-SPM + Hybrid-CNN 79.56

as for the speech class, most of the faces are turned towards the speaker, which forms a

discriminative case. In addition, for the kissing interaction, the combination of the facial

features achieves a quite high mAP of 85.3%.

Next, we evaluate the performance of the scene features for interaction recognition. We

first evaluate the individual performances of GIST, BoW, BoW with spatial pyramid match-

ing (SPM) [44], and also the performances of deep features Places-CNN and Hybrid-CNN

([116]). After that, we evaluate the results for the combination of all feature sets and show the

results in Table 7.3. We also report the combinations of scene features with facial descriptors

formed using the ground truth face detections in Table 7.4.
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FIGURE 7.1: Average precisions per each of the interaction classes. In calculation of facial
descriptions FaceDesc, the outputs of the face detectors are used. F:facial descriptors,

G:GIST, B:BoW, B+S:BoW+SPM, PCNN:Places CNN, HCNN:Hybrid CNN.

Results in Table 7.3 and Table 7.4 show that, compared to the facial descriptors, scene fea-

tures carry quite a lot of information for predicting the type of interaction. Proposed face

descriptors contribute to the recognition of human interactions, and together with BoW and

GIST features, they achieve a reasonable mAP of 60.6%, which would rise to 64.48% in

the presence of a perfect face detector. On the other hand, the deep features are the most

effective features for human interaction recognition, Places-CNN achieving 72.8% AP and

Hybrid-CNN feature achieving an AP of 77.86%. An interesting observation at this point is

that, when combining deep features with regular scene descriptors such as GIST and BoW,

the performance slightly drops. This result suggests that GIST or BoW features do not carry

any complementary information to the deep features. On the contrary, combining proposed

facial descriptors with CNN features improves the performance, achieving 78.33% using the

output of face detectors, and 80.11% when the ground truth face locations are used. We

observe a similar pattern for both Places-CNN and Hybrid-CNN, while using Hybrid-CNN

with facial descriptors yields better performance.

We present per class average precisions for our approach in Fig. 7.1. We observe that some of

the interactions, such as boxing and high-five, are more difficult to recognize, having average

precisions lower than 0.6. On the other hand, recognition performance on some interaction

classes, such as dining and speech, is quite high. This is likely to be due to the similar spatial

configurations present in these interactions. In all of the interaction classes, CNN features

are very effective.
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FIGURE 7.2: Images having the top ten scores using FaceDesc using automatic face de-
tections, GIST + BoW-SPM + Hybrid-CNN features, for boxing-punching, high-five,
kissing and talking interactions. Out-of-class images are shown with red borders and the

face detection outputs (if any) are shown in cyan.

We also present the confusion matrix obtained using the best-performing feature combina-

tion, i.e., face descriptors and Hybrid CNN features, in Fig 7.3. This confusion matrix is

achieved by assigning each test example the interaction class label that achieved the max-

imum prediction score. We observe that most of the confusion occurs between boxing-

punching and high five interactions, and this is not surprising since these interactions have

very similar spatial layouts with respect to interacting persons and their poses. Kissing and

hugging, handshaking and high five are among the other interaction class pairs that are easier

to be confused.

These results show that it is not easy to describe human interactions by looking at facial re-

gions and their spatial layouts only (as demonstrated in Fig 1.1). Nevertheless, when used in

combination with scene elements from the whole image, the facial descriptors can boost the

recognition performance. CNN features are performing exceptionally well for this problem.

However, we should note that CNN features are trained over large amounts of additional

data. In addition, facial descriptors provide a quite compact representation, as stated in Table

7.5. Compared to the performance of random guessing (which is 10% in this dataset), we

can say that facial descriptors provide valuable information about the human interactions and

can be used complementarily to scene representations.

Qualitative results that are obtained as a result of using FaceDesc + GIST + BoW-SPM

+ Hybrid-CNN combination are presented in Fig. 7.2. As it can be seen, high five interac-

tion is mostly confused with handshaking and boxing-punching, whereas kissing interaction

is mostly confused with hugging.
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TABLE 7.5: Feature dimensions of the utilized descriptors

Feature FaceDesc GIST BoW BoW+SPM CNN
# of Dims 31 512 1000 4000 4096
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FIGURE 7.3: Confusion matrix for interaction classification using FaceDesc and Hybrid
CNN features in combination.

One of the essential characteristics of the proposed facial descriptors is their efficiency. Ta-

ble 7.5 shows the dimensionalities of each of the utilized descriptors. Our proposed 31-

dimensional face descriptors provide 2-6% points increase in average precision when used

with BoW+SPM and/or GIST, and 1-3% points increase when used with the CNN features,

without requiring excessive training.

7.2 Multi-stream Pose CNNs

7.2.1 Implementation Details

To evaluate the effectiveness of the proposed multi-stream pose networks, individual CNN

streams are trained by fine-tuning the CNN architectures AlexNet [3], DenseNet [5], ResNet

[4], Inception-V3 [118], and VGG-19 [119] that were pretrained on ImageNet [45]. ResNet

[4] is used as the major architecture to test, tune and make inferences since it is faster to

train and performs generally better than DenseNet, Inception, and VGG architectures. On

the other hand, to make a fair comparison with the previous work [120], results for AlexNet

is reported as well.

The hyper-parameters for the proposed models are optimized via grid search. Since there are

two datasets (HII and HIIv2), five different CNN backbones, four single-stream and seven
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TABLE 7.6: Accuracies of single and multiple streams using the base ResNet152 architec-
ture on the HII dataset. Best accuracies are shown in red, and the second-bests are shown in

boldface.

Model b&p. din. h.sh. h.fv. hug. kick. kiss. pty. sp. tlk.
overall

accuracy
RGB 79.67 95.04 90.91 87.62 83.69 89.16 90.20 87.04 95.65 89.29 88.85

Pose Mask (PM) 53.57 91.55 85.71 75.73 64.12 79.07 67.83 70.83 89.60 78.33 76.35
Pose Only (PO) 67.83 90.65 91.72 79.61 82.01 84.71 86.00 84.31 94.31 85.95 85.14

Pose Highlighted (PH) 72.31 94.20 88.74 82.00 85.93 90.24 91.09 85.98 94.12 85.95 86.99
RGB + PM 81.03 95.77 94.04 86.00 86.76 94.25 89.72 84.00 95.08 89.43 89.86
RGB + PO 76.42 96.45 93.33 85.98 85.93 90.70 90.20 88.89 96.61 91.23 89.70
RGB + PH 79.39 96.45 91.78 84.31 89.39 93.02 93.20 85.19 95.73 94.92 90.37

RGB + PM + PO 80.95 96.40 93.42 84.85 88.24 91.95 92.16 87.62 94.92 91.67 90.37
RGB + PM + PH 80.33 95.71 93.33 88.24 87.59 92.13 92.31 87.38 95.80 91.53 90.54
RGB + PO + PH 77.86 96.40 92.72 83.67 88.06 91.76 91.09 89.52 95.80 90.91 89.86

RGB + PM + PO + PH 80.95 94.96 92.72 84.21 84.51 92.13 89.80 87.62 95.73 88.52 89.19

multi-stream model combinations (see Table 7.8), it is impractical to run a grid-search for

every combination. Three methods are used in order to create a reasonable search space. 1)

Only the HIIv2 dataset is used, and the same parameter sets are used for HII. 2) Parameters

are optimized on Pose Highlighted for single-stream models and on RGB + Pose

Highlighted multi-stream models. 3) Initially, a wide range of parameter set is used to

optimize the ResNet152 model. Afterward, only the most effective values are used for other

network backbones. As a result, five network backbones are optimized on the HIIv2 dataset

once for single-stream and once for multi-stream representations. By pruning the ineffective

options on the single-stream ResNet152 model, the number of parameter sets to be searched

is reduced to 24 for each network model and stream combination.

In all evaluations, the accuracy metric is reported, which is defined as the ratio of correct

classifications vs. all classifications. In addition, mean average precision (mAP) is used to

compare the proposed approach with related works.

7.2.2 Experimental Results

We have run a series of analyses to assess the performance of the proposed pose-based

streams. In the first set of our experiments, we evaluate the classification accuracies of every

single stream and the possible fused architectures.

7.2.2.1 Evaluations of single streams

The classification accuracies of each single-stream model that are using the fine-tuned

ResNet152 [4] architecture are given in Table 7.6 and Table 7.7 for the HII and HIIv2 datasets
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respectively. The first row, labeled as RGB, represents the base model that operates on the

RGB input. As can be observed from these results, amongst the single streams that operate

over RGB, PO, PM, and PH inputs individually, the RGB stream achieves the best results

with the accuracies of 88.85% and 91.35%. From these results, one can say that human-

human interactions are greatly affected by the images’ overall context. Amongst pose based

streams, the PH stream gives the highest accuracy,

An interesting point to note is the relatively high performance of the PM stream on the

classification of the interactions. In PM stream, the input is the binary masks extracted using

the person segmentation of MaskRCNN. As can be seen from the example images, it is even

quite hard for the human eye to differentiate the interaction classes by looking at the pose

masks alone. In this respect, gaining a classification accuracy of ≈ 77% is quite impressive.

This strongly supports the hypothesis that poses can be regarded as strong indicators of the

interaction classes. Another inference that can be made by the performance of the Pose Mask

(PM) Model is that some interactions could be defined solely by the composition of poses.

Dining, and handshaking could be given as an example to these interactions. PM stream

yields lower classification accuracies on the rest of the classes because each of those has

similar characteristics with one or more of other classes. For example, boxing-punching and

high-five are similar because they both are defined by the composition of hands. Partying

and speech usually performed by many people, and the context is needed to determine actual

interaction.

The plots of ResNet152 model loss and accuracy on both train and validation sets are given

in figures 7.4, 7.5, 7.6, 7.7 respectively for single-stream RGB, Pose Masks, Pose

Only, and Pose Highlighted inputs.

7.2.2.2 Evaluation of multiple streams

Multi-stream network versions are evaluated based on the results of early-fusion. Besides, a

comparison between early and late fusion is given below.

Three different multi-stream network variants are tested, as defined in Section 3.4.1. (1) Two-

stream networks are created by combining Pose Masks(PM), Pose Only(PO) and Pose High-

lighted(PH) with RGB, which are referred respectively as RGB+PM, RGB+PO and RGB+PH.

(2) Three-stream networks are created by RGB and two-way combinations of pose networks,
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FIGURE 7.4: Plot of ResNet152 model Accuracy and Loss on both train and validation sets
for the RGB stream.

FIGURE 7.5: Plot of ResNet152 model Accuracy and Loss on both train and validation sets
for the Pose Masks stream.
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FIGURE 7.6: Plot of ResNet152 model Accuracy and Loss on both train and validation sets
for the Pose Only stream.

FIGURE 7.7: Plot of ResNet152 model Accuracy and Loss on both train and validation sets
for the Pose Highlighted stream.
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TABLE 7.7: Accuracies of single and multiple streams using the base ResNet152 architec-
ture on HIIv2 dataset. Best accuracies are shown in red, and the second-bests are shown in

boldface.

Model b&p. din. h.sh. h.fv. hug. kick. kiss. pty. sp. tlk.
overall

Accuracy
RGB 84.00 96.30 95.00 88.73 90.50 93.97 96.15 90.95 93.02 83.50 91.35

Pose Mask (PM) 56.50 90.28 90.42 74.02 65.00 87.44 85.10 69.05 82.33 66.00 77.01
Pose Only (PO) 73.50 93.52 96.25 83.33 89.50 92.46 92.31 84.76 88.37 81.00 87.72

Pose Highlighted (PH) 79.00 94.91 97.08 87.25 89.00 91.96 95.67 89.52 91.63 85.50 90.34
RGB + PM 87.50 98.15 97.92 83.82 89.50 95.48 96.15 92.38 93.95 88.00 92.45
RGB + PO 84.50 96.30 97.92 87.25 91.00 93.47 96.15 90.95 95.35 85.50 92.02
RGB + PH 84.50 97.22 97.50 90.20 92.50 95.98 96.15 92.86 95.81 85.50 92.97

RGB + PM + PO 83.00 96.30 97.08 89.71 87.00 94.97 96.15 90.95 93.95 88.00 91.87
RGB + PM + PH 83.00 97.69 96.67 90.69 94.50 95.98 96.15 91.90 94.42 90.50 93.26
RGB + PO + PH 86.50 96.76 96.25 88.24 92.50 96.48 96.15 91.90 95.81 85.00 92.69

RGB + PM + PO + PH 87.50 95.37 95.83 84.80 91.00 93.47 96.15 92.86 93.95 93.00 92.50

TABLE 7.8: Comparison of different base CNN architectures. The best accuracies for each
network type (row) are shown in red, and the second-bests are shown in boldface. The model

with the best accuracy on a specific network (column) is shown as underlined.

HII dataset HIIv2 dataset

Model AlexNet DenseNet ResNet
Inception

V3
VGG

19 AlexNet DenseNet ResNet
Inception

V3
VGG

19
RGB 76.52 87.16 88.85 90.30 88.01 79.49 91.40 91.35 90.30 88.86

Pose Mask (PM) 67.40 78.89 76.35 77.01 77.70 73.37 79.25 77.01 77.01 77.44
Pose Only (PO) 71.11 84.97 85.14 86.42 82.94 80.16 88.05 87.72 86.42 86.76

Pose Highlighted (PH) 67.57 86.99 86.99 89.34 84.46 77.63 89.96 90.34 89.34 88.67
RGB + PM 81.25 90.37 89.86 90.58 88.34 78.82 91.40 92.45 90.58 90.39
RGB + PO 79.73 87.67 89.70 91.30 87.84 78.30 92.26 92.02 91.30 90.20
RGB + PH 78.89 89.53 90.37 91.35 87.50 78.20 92.35 92.97 91.35 89.53

RGB + PM + PO 82.43 90.20 90.37 90.54 87.84 82.36 91.16 91.87 90.54 89.82
RGB + PM + PH 81.59 89.70 90.54 91.35 87.50 82.60 91.97 93.26 91.35 89.82
RGB + PO + PH 80.57 88.01 89.86 91.01 87.16 80.35 92.11 92.69 91.01 90.20

RGB + PM + PO + PH 82.09 88.85 89.19 91.54 87.33 80.50 91.92 92.50 91.54 89.53

referred as RGB+PM+PO, RGB+PM+PH and RGB+PO+PH. (3) The last architecture is formed

by combining all the streams together, which is referred to as RGB+PM+PO+PH.

At first glance, it can be observed that almost all of the multi-stream models are superior to

the single RGB stream. This suggests that giving more attention to poses increases the perfor-

mance of the human-human interaction recognition task. In general, the three-stream models

are superior to two-stream ones. RGB + PM + PH model achieves the best performance

among all approaches on both datasets. On the other hand, four-stream model performs

slightly worse than RGB + PM + PH. The main reason for this can be the raised ambiguity

in the PM masks, in addition to the false-negative pose detections or the lack of some limbs

(such as a fist missing in a boxing-punching scene). Another issue that the proposed models

suffer from is that images may contain multiple interactions. When the pose detections are

not complete, the model can be biased to secondary interactions in the image.
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Table 7.8 shows the comparative results of the proposed approach using different base CNN

architectures such as AlexNet, DenseNet, ResNet , Inception-V3 and VGG-19 on each

dataset. Pre-trained versions of these architectures provided by PyTorch are used to test

the proposed approach. For all architectures, the best performing versions are chosen which

are ResNet152, DesNet161, and VGG19. Since Inception-V4 [121] is not officially provided

by PyTorch yet, Inception-V3 is used in benchmarks. From Table 7.8, one can observe that

deep models have benefited from the additional amount of data available in the extended ver-

sion HIIv2 since the models trained on this dataset performs better than models trained on the

previous version HII for almost all cases. This confirms that when the over-fitting problem is

solved, there is more to learn about recognizing interactions using deep architectures. Over-

all, ResNet performs best on HIIv2 and Inception-V3 on HII. Since ResNet produces better

results overall, the proposed models are based on ResNet in the rest of the experiments.

Confusion matrix obtained on HIIv2 dataset using the best performing architecture RGB +

PM + PH is presented in Figure 7.8. Rows of the matrix are actual ground-truth labels

and columns are predictions. Highest confusion is between boxing-punching and high-five

classes. This is expected because spatial layouts of people in these interactions are similar

and they are both characterized by the position of arms. The rest of the confusion looks well

distributed with small reasonable peaks. For example kissing and hugging classes have a big

potential to be confused. Example images can be seen on Figure 7.9 (fourth row).

Some successful and failed predictions of the proposed approach are given in Figure 7.9 and

Figure 7.10. As can be seen, some classes such as kissing and hugging or handshaking and

high five may look similar. Another point that could be inferred by the figure is the second

misclassified image of boxing-punching (first two rows, fourth column). In the original im-

age, one can see that the man in the middle tries to punch the man on the right. The leftmost

person is trying to separate them.

On the other hand, in the Pose Highlighted version of the scene, the man on the right is faded

out because it is not detected. Thus, the Pose Highlighted version sees two persons hugging.

This is an example, where there can be multiple interactions in the same image, and our

model is able to find one of them.
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FIGURE 7.8: Confusion matrix for interaction classification using RGB + Pose Masks
+ Pose Highlighted model on HIIv2 dataset. Rows are actual labels and columns are

predictions.

The plots of ResNet152 model loss and accuracy on both train and validation sets are given

in figures 7.11, 7.12, 7.7, respectively for two-stream RGB+PM, RGB+PO and RGB+PH

inputs. Figures 7.14, 7.16, and 7.16 represents the three-stream RGB+PM+PO, RGB+PM+PH,

and RGB+PO+PH. Finally, 7.17 represents the four-stream RGB+PM+PO+PH version.

7.2.2.3 Fusion point selection for early fusion

Experimental results on selecting the fusion point for multi-stream networks are given in

Table 7.9. As mentioned earlier in Section 5.4.3, ResNet has four main blocks and a final

classification layer at the end.

To find the best point to fuse the streams, five different fusion schemes are created. Each of

these fusion schemes is tested with proposed multi-stream networks. Only the best perform-

ing two-stream and three-stream models are given in the Table 7.9 for clarity. The first four

columns of the table show the training accuracy of networks that are fused right before the

corresponding block. For example, the first column of the table indicates the multi-stream
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Correct Classified Misclassified

box&punch. box&punch. kicking hugging

handshake handshake box&punch. talking

hugging hugging kicking talking

kissing kissing hugging hugging

speech speech partying highfive

FIGURE 7.9: Sample classification results of RGB + Pose Mask + Pose
Highlighted on boxing-punching, handshaking, hugging, kissing and speech classes.
Each row contains correct and wrong classified images for one class. Two rows are shown
for each class: (1) original image and (2) our Pose Highlighted image corresponding to
the original one. Misclassified samples are shown with their predicted categories. Rows
sequentially represent boxing-punching, handshaking, hugging, kissing and speech. This

figure is better examined by zooming in digitally.
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Correct Classified Misclassified

dining dining talking talking

highfive highfive talking box&punch.

kicking kicking box&punch. box&punch.

partying partying dining box&punch.

talking talking highfive dining

FIGURE 7.10: Sample classification results of RGB + Pose Mask + Pose
Highlighted on dining, highfive, kicking, partying and talking classes. Each row
contains correct and wrong classified images for one class. Two rows are shown for each
class: (1) original image and (2) our Pose Highlighted image corresponding to the original
one. Misclassified samples are shown with their predicted categories. Rows sequentially
represent dining, highfive, kicking, partying and talking. This figure is better examined by

zooming in digitally.
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FIGURE 7.11: Plot of ResNet152 model Accuracy and Loss on both train and validation
sets for the RGB + Pose Masks stream.

FIGURE 7.12: Plot of ResNet152 model Accuracy and Loss on both train and validation
sets for the RGB + Pose Only stream.
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FIGURE 7.13: Plot of ResNet152 model Accuracy and Loss on both train and validation
sets for the RGB + Pose Highlighted stream.

FIGURE 7.14: Plot of ResNet152 model Accuracy and Loss on both train and validation
sets for the RGB + Pose Masks + Pose Only stream.
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FIGURE 7.15: Plot of ResNet152 model Accuracy and Loss on both train and validation
sets for the RGB + Pose Masks + Pose Highlighted stream.

FIGURE 7.16: Plot of ResNet152 model Accuracy and Loss on both train and validation
sets for the RGB + Pose Only + Pose Highlighted stream.
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FIGURE 7.17: Plot of ResNet152 model Accuracy and Loss on both train and validation
sets for the RGB + Pose Masks + Pose Only + Pose Highlighted stream.

TABLE 7.9: Effect of fusion point location on ResNet-based multi-streams over HIIv2
dataset.

Before Before Before Before Before
block 1 block 2 block 3 block 4 softmax

RGB + PH 91.16 91.30 90.92 91.73 92.97
RGB + PM + PH 90.73 91.92 90.49 91.68 93.26

network in which the streams are fused right before block 1. Similarly, the last column indi-

cates the multi-stream network in which the streams are fused before the classification layer.

From these results, one can say that the success of the network increases as the fusion point

gets closer to the end.

7.2.2.4 Early vs Late Fusion

The main difference between early and late fusion is that early fusion is trained with an end-

to-end fashion, which means that the final model is trained by looking at all inputs from

every stream. Late fusion, on the other hand, uses the scores of individually trained models

for each stream. Hence, it does not require an additional training phase.

A comparison between early and late fusion methods is given in Table 7.10. It shows that
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TABLE 7.10: Comparision of Early and Late Fusion

Early Fusion Late Fusion
Accuracy mAP Accuracy mAP

RGB + PM 92.45 95.82 91.83 94.81
RGB + PO 92.02 96.06 92.30 95.85
RGB + PH 92.97 96.49 92.69 95.99

RGB + PM + PO 91.87 95.66 92.30 95.52
RGB + PM + PH 93.26 96.09 93.21 95.98
RGB + PO + PH 92.69 96.18 92.88 96.16

RGB + PM + PO + PH 92.50 96.21 93.21 96.08

late fusion is a powerful alternative and has a performance close to early fusion. Better mAP

performance of Early Fusion shows that it has more confidence when making inferences. An-

other important interpretation would be that late fusion has better accuracy when the number

of streams increases. However, this result would be specific to our case, and this inference

requires many more tests to be certain.

7.2.2.5 Significance analysis of the contribution of proposed pose-based inputs

We have shown that the proposed pose-based inputs are capable of representing interactions

individually. They also provide a valuable contribution when combined with the original

RGB image. To check if this contribution observed by chance or it is the effect of pose-

based inputs, we have conducted McNemar’s Statistical Test [122] against baseline RGB

stream and proposed multi-stream models. The test is used to see the effects of a method

compared to a baseline. It requires dichotomous scores and nominal or ordinal scale mea-

surements to be applied. A null hypothesis is tested that unlike pairs of responses (0, 1) and

(1, 0) are equally likely. In the domain of a classification problem, (0, 1) corresponds to

samples that the first classifier fails, but the second one succeeds to classify. Similarly (1,

0) corresponds to samples that the first classifier succeeds, but the second one fails to clas-

sify. A 2x2 contingency table is created to apply the test. Table 7.11 shows the contingency

table to apply significance test for our proposed RGB + PM + PH model. It’s compared

to vanilla single-stream RGB model to see if there is a significant contribution of PM + PH

streams to RGB stream. The (0, 1) pairs correspond to (negative, positive) cell, and (1, 0)

pairs correspond to the (positive, negative) cell in the table. The test statistic is given by the

formula:

χ2 =
[#(0, 1)−#(1, 0)]2

#(0, 1) + #(1, 0)
(16)

that is in our case (74− 36)2/(74 + 36) = 13.127. The corresponding probability (p-value)

can be looked up on the χ2 table or calculated by a software that is 0.0. To reject a null
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TABLE 7.11: Contingency table to apply McNemar’s test between Original RGB stream
and multi-stream RGB +PM + PH model

RGB + PM + PH RGB + PM + PH
positive negative

RGB positive 1877 36
RGB negative 74 105

TABLE 7.12: Statistical Significance Test Results

RGB baseline vs
Proposed multi-stream architectures p-value Accuracy

RGB - 91.35
RGB + Pose Masks(PM) 0.040 92.45
RGB + Pose Only(PO) 0.239 92.02

RGB + Pose Highlighted(PH) 0.000 92.97
RGB + PM + PO 0.435 91.87
RGB + PM + PH 0.000 93.26
RGB + PO + PH 0.009 92.69

RGB + PM + PO + PH 0.054 92.50

hypothesis test that claims there is no statistical significance between two methods, the p-

value is supposed to be close to 0. It is common sense to select a cut-off value, which is

generally used as 0.005. In our case, the p-value is 0.0; therefore, McNemar’s test suggests

that it is almost impossible that the success of RGB+PM+PH stream is observed by chance.

Table 7.12 shows the test results for trained models on HIIv2 dataset. Four of the models has

a p-value that is less than the cut-off value, and one very close to it. This suggests that the

contribution of proposed multi-stream models is very unlikely to happen by chance.

7.2.2.6 Visualization of network activations

Visualization of the network layer helps us understand what is actually learned by the archi-

tecture. Early studies [123, 124] tries to visualize the weights of convolution and FC filters.

Meanwhile, recent papers [125, 126] focus on the salient regions, which has the most effect

on making a decision. In this work, we use a very recent paper called Score-CAM [126] to

visualize the salient regions, which affects most when predicting the interaction in the im-

age. One figure is given for each class. For the sake of simplicity RGB, PH and RGB + PH

streams are presented in the figures.
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RGB
Kicking

PH
Boxing

Punching

Boxing
Punching

RGB + PH

FIGURE 7.18: Visualization of network activations. RGB, PH and RGB+PH streams are
presented for simplicity. Sample image from Boxing-Punching class.

Visualizations show that the model attends regions that are related to actual interactions.

Moreover, Pose Highlighted model capable of finding essential spots. Another point

is that the proposed fusion scheme RGB + PH enhances the salient regions and therefore

performs better recognition performance.

7.2.2.7 Comparison to related work that applies to human-human interaction recog-
nition.

Recognizing human-human interactions differs from recognizing action or human-object in-

teractions. Action recognition requires to explore only one human’s body composition. How-

ever, in most of the datasets, some of the actions also require an object to be performed. For

instance, Stanford 40 Action [97] dataset defines actions such as brushing teeth, cutting veg-

etables, holding an umbrella, riding a bike, etc. Human-object interactions, on the other

hand, always defined with one person interacting with a single object. Only highlighting a

human body would lead to a misleading bias on the model. Regarding this, the proposed

method is only deployed for the human-human interaction recognition problem. However a

few works such as Attentional Pooling [104], Human-mask Loss[108], Im2Flow [127], and

Attention Branch Network (ABN) [107] on action recognition can also be applied to human-

human interactions. These approaches are deployed on HIIv2 dataset and the results are

shown in Table 7.13. Moreover, to create a baseline for future work, the contribution of
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RGB
Speech

PH
Dining

Dining
RGB + PH

FIGURE 7.19: Plot of ResNet152 model Accuracy and Loss on both train and validation
sets for the RGB stream. Sample image from Dining class.

RGB
Talking

PH

HighFive
RGB + PH

Talking

FIGURE 7.20: Plot of ResNet152 model Accuracy and Loss on both train and validation
sets for the RGB stream. Sample image from HighFive class.
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RGB
Speech

PH
H.shaking

H.shaking
RGB + PH

FIGURE 7.21: Plot of ResNet152 model Accuracy and Loss on both train and validation
sets for the RGB stream. Sample image from Handshaking class.

RGB
Kissing

PH
Hugging

Hugging
RGB + PH

FIGURE 7.22: Visualization of network activations. RGB, PH and RGB+PH streams are
presented for simplicity. Sample image from Hugging class.
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RGB
Boxing

Punching

PH

Kicking
RGB + PH

Boxing
Punching

FIGURE 7.23: Visualization of network activations. RGB, PH and RGB+PH streams are
presented for simplicity. Sample image from Kicking class.

RGB
Hugging

PH

RGB + PH

Hugging

Hugging

FIGURE 7.24: Visualization of network activations. RGB, PH and RGB+PH streams are
presented for simplicity. Sample image from Kissing class.
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RGB
Dining

PH

Partying
RGB + PH

Partying

FIGURE 7.25: Visualization of network activations. RGB, PH and RGB+PH streams are
presented for simplicity. Sample image from Partying class.

RGB
Dining

PH
Speech

Speech
RGB + PH

FIGURE 7.26: Visualization of network activations. RGB, PH and RGB+PH streams are
presented for simplicity. Sample image from Speech class.
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RGB
Speech

PH

RGB + PH

Dining

Dining

FIGURE 7.27: Visualization of network activations. RGB, PH and RGB+PH streams are
presented for simplicity. Sample image from Talking class.

depths are evaluated by using the recent depth estimation method Monodepth2 [128] and the

results are given in Table 7.13.

Attentional Pooling is shown to be a successful method for both action and human-object

interaction. The basic idea is to change the classifier layer with a saliency-based attention

module. With a small adaptation, it is easily trained on HIIv2 dataset. However, it uses

TensorFlow as the deep learning framework. The difference in two implementations yields

different results on the same data. To make a fair comparison, along with the Attentional

Pooling method, its baseline implementation trained on HIIv2 is also presented in the table

7.13. For the Pose Regularized Attentional Pooling version, keypoints of the human pose are

detected by AlphaPose [129].

Human-mask Loss is another method that also applies to human-interaction recognition. Its

source code is not available online. Therefore it is implemented from scratch. 1

Im2Flow [127] estimates optical flow images and use them together with the original input

images to form a two-stream convolutional neural network architecture. The model is trained
1In order to make it directly comparable to the proposed work, same input image size (224x224) is used.
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TABLE 7.13: Comparison of related methods applied to Human-Human Interaction.

Model Accuracy ∆ Accuracy mAP ∆ mAP
Baseline [104] 92.54 — 96.89 —

Attentional Pooling [104] 92.49 -0.05 96.89 0.09
Pose Regularized Attentional Pooling [104] 92.02 -0.52 96.63 -0.26

Baseline (This Work) 90.82 — 94.63 —
Human-mask Loss [108] 91.63 0.41 94.96 0.33

Attention Branch Network [107] 91.11 0.29 94.76 0.13
Flow [127] 62.91 - 65.33 -

Monodepth2 [128] 56.26 - 58.35 -
RGB + Flow [127] 91.44 0.62 95.15 0.52

RGB + Monodepth2 [128] 91.73 0.91 95.73 1.10
RGB + PM 91.30 0.48 95.23 0.60
RGB + PO 92.11 1.29 95.94 1.31
RGB + PH 92.97 2.15 96.49 1.86

RGB + PM + PO + PH 91.54 0.72 94.31 -0.32

to detect human actions from still images. The same idea could be applied to interaction

recognition, as well. First, optical flow hallucinations are extracted from HIIv2 dataset and a

two-stream network is similar to RGB + Pose Highlighted model.

Attention Branch Network [107] was used to compare the proposed model with attention-

based models. This network makes a small modification on regular ResNet architecture, and

it is directly applicable to a regular single-stream model. Attentional Pooling uses 101 layers

ResNet (ResNet101) as the backbone CNN architecture. For the sake of consistency, Table

7.13 presents evaluations of the five approaches using ResNet101 on HIIv2. The results

show that all models, except Attentional Pooling, have a positive impact over the baseline. It

has been observed that attending to the salient regions alone are not useful for interactions.

On the other hand Attentional Branch Network (ABN) [107] has a small positive impact on

accuracy. This is an expected outcome since ABN learns where to attend during the training

phase.

Surprisingly, optical flow estimation does an excellent job and leads to a boost on both accu-

racy and mAP. Human-mask Loss [108] method learns both the interactions and pose masks

at the same time. This enables pose-aware learning of interactions. Among all, the proposed

method demonstrates superior improvement. Comparisons presented in Table 7.13 show that

concentrating on poses has a noticeable impact on interaction recognition performance.
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TABLE 7.14: Evaluation of the approach with ResNet152 based on different human seg-
mentation algorithms.

Model MaskRCNN[1] DeepMask[130] SharpMask [60] DeepLab [59]
PM 77.01 39.75 43.44 74.43
PO 87.72 82.46 82.89 88.31
PH 90.34 88.13 87.74 90.35

RGB + PM 92.45 91.34 91.44 91.40
RGB + PO 92.02 90.90 91.54 93.01
RGB + PH 92.97 91.38 91.68 92.49

RGB + PM + PO 91.87 90.54 90.35 91.78
RGB + PM + PH 93.26 91.55 91.11 92.30
RGB + PO + PH 92.69. 90.63 91.25 92.73

RGB + PM + PO + PH 92.50 89.68 89.78 89.40

Another observation can be made by Table 7.13 is that both the proposed and Human-mask

Loss [108] methods yields to similar results. This is an expected outcome since the basic

idea in both approaches is the same: paying more attention to human bodies.

7.2.2.8 Impact of different segmentation algorithms

The accuracy of the proposed method increases with the success of the underlying segmen-

tation algorithm. In order to evaluate this, four recent segmentation algorithms are utilized,

namely DeepMask [130], SharpMask [60], MaskRCNN [1] and DeepLab 1 [59].

Table 7.14 shows that the success of the segmentation algorithm has an essential influence

on the final results. Here, it was observed that the best results are obtained by MaskRCNN

[1] overall. It should be noted that, even though MaskRCNN [1] is a state-of-the-art instance

segmentation algorithm, there are cases of failure. With a better segmentation algorithm, the

accuracy of the proposed method may increase further.

7.2.2.9 Impact of varying hyper-parameters on the results

Hyper-parameters of the models are optimized by conducting grid-search on the HIIv2

dataset for each network backbone individually. The grid search suffers from the curse of

dimensionality. Moreover, there are too many model-network backbone-dataset tuples to be

optimized. To overcome this issue, each network backbone is optimized on the HIIv2 dataset

for one single-stream, and one of the two-stream models and the rest of the models share the

1To generate the Pose Highlighted representation for DeepLab, human body sizes are used as the same as
MaskRCNN.
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TABLE 7.15: Evaluation of hyper-parameter optimization via grid search on Pose
Highlighted representation.

Learning
Rate

Step
Size Gamma Optimizer

SGD
Momentum

Batch
Size Sampling Accuracy mAP

0.0005 10 0.25 SGD 0.9 8 Weighted 90.92 93.79
0.0005 10 0.25 SGD 0.9 8 Random 90.45 93.67
0.001 10 0.25 SGD 0.9 8 Weighted 90.11 93.40
0.0001 10 0.25 SGD 0.9 8 Weighted 89.02 92.84

0.00075 10 0.25 SGD 0.9 8 Weighted 90.35 93.56
0.0005 10 0.25 Adam — 8 Weighted 82.75 83.90
0.0005 7 0.25 SGD 0.9 8 Weighted 90.35 93.57
0.0005 10 0.5 SGD 0.9 8 Weighted 90.87 93.84
0.0005 10 0.25 SGD 0.5 8 Weighted 89.26 92.87
0.0005 10 0.25 SGD 0.9 16 Weighted 90.68 93.51

same parameters. Besides, only the most critical parameters are optimized to reduce the size

of the parameter space.

The results with varying hyper-parameters are presented in Table 7.15 and Table

7.16. Respectively, Table 7.15 shows the results of parameter search process on sin-

gle Pose Highlighted stream and Table 7.16 shows the results for RGB + Pose

Highlighted. The first row of each table shows the best performing parameter set on

the validation set. In the rest, all the parameters are fixed except one. In each row, the chang-

ing parameter is shown with italic to read the table easier. The Step Size in the tables refers

to the period of learning rate decay, and gamma refers to the multiplicative factor of learning

rate decay for the learning rate update policy. Although the number of instances in each class

of HIIv2 is well balanced (please refer to Table 6.1), the distribution is not equal. Therefore,

two sampling strategies are considered: random sampling and weighted random sampling.

Based on the results, we observe that learning rate and SGD momentum are the most effec-

tive hyperparameters on the performance. Batch size is also effective on the performance

because of batch normalization. The results indicate that using weighted sampling yields

better results and that a parameter optimization step is crucial which should be preferred

over empirical parameter selection.

7.3 Comparison of Facial Descriptors and Multi-stream Pose CNNs

In a perfect scenario, to accurately detect an interaction, we would need to see the whole

sequence, everyone involved, the whole context, and even hear what they talk to. However,
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TABLE 7.16: Evaluation of hyper-parameter optimization via grid search on RGB + Pose
Highlighted representation.

Learning
Rate

Step
Size Gamma Optimizer

SGD
Momentum

Batch
Size Sampling Accuracy mAP

0.00025 10 0.25 SGD 0.9 10 Weighted 92.82 95.87
0.00025 10 0.25 SGD 0.9 10 Random 92.63 96.01
0.0001 10 0.25 SGD 0.9 10 Weighted 92.30 95.96
0.0005 10 0.25 SGD 0.9 10 Weighted 92.44 95.80

0.00025 10 0.25 Adam — 10 Weighted 88.36 89.36
0.00025 7 0.25 SGD 0.9 10 Weighted 92.54 96.09
0.00025 10 0.5 SGD 0.9 10 Weighted 92.54 96.09
0.00025 10 0.25 SGD 0.5 10 Weighted 92.25 95.99
0.00025 10 0.25 SGD 0.9 8 Weighted 92.78 95.70

TABLE 7.17: Comparison of the works based on faces and poses.

Model mAP ∆Boost

FaceDesc
HybridCNN + SVM 77.86 —

(HybridCNN + FaceDesc) + SVM 78.33 0.47

Pose CNNs

RGB 72.66 —
RGB + PM 82.01 9.35
RGB + PO 81.13 8.47
RGB + PH 79.52 6.86

RGB + PM + PO + PH 83.73 11.07

in most cases, an image with the context would be sufficient to describe the interaction.

We propose two different approaches to recognize human interactions in still images. One

explores the role of human faces, and the other explores the role of human poses. Although

faces would tell some about the interaction, they cannot capture all the information (see

Figure 1.1 ). Therefore it would not be fair to compare these two methods. It is obvious that

poses would perform better than faces.

Having this in mind, comparison results are given on Table 7.17. The work based on fa-

cial descriptors uses HybridCNN [116], which basically is Alexnet [3] trained on a union of

Places [116] and Imagenet [45] datasets. HybridCNN is used to extract features and SVM

is used for classification. Moreover, hand-crafted facial features are extracted to describe

interactions, such as positions of human faces in the image. In order to be directly com-

parable, we show classification results of pose representations using the same Alexnet [3]

architecture, trained on Imagenet and fine-tuned on HII dataset. Accuracy and mAP scores

are shown in Table 7.17. The results show that each of the pose streams makes a greater boost
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in performance and they contribute better than faces when the multi-stream pose CNNs are

used.
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8. CONCLUSION AND DISCUSSIONS

Two methods to recognize human interactions in images are explored in this thesis. In the

first part, we examine the role of human faces in the images. We look into a rarely studied

area of computer vision, namely human-human interaction recognition in still images. We

investigate whether we can infer the correct label of an interaction image by looking at the

facial regions, their relative positions, and spatial layout. In order to capture such informa-

tion, we propose several descriptors based on facial regions. The proposed facial descriptors

encode spatial information such as their position or distance to each other. Our experimental

results show that facial descriptors provide meaningful information; however, using them in

isolation yields less effective results. When combined with global scene features, especially

deep features, proposed facial descriptors are shown to have improved recognition perfor-

mance.

In this context, we introduce a new image dataset, Human Interaction Images (HII), which

can be used for human interaction recognition, and also for evaluating face detectors’ perfor-

mance on further tasks. There exist ten interaction classes in the dataset: boxing-punching,

dining, handshaking, high five, hugging, kicking, kissing, partying, speech, and talking. Each

class contains at least 150 images, forming a total of 1971 images. The faces in the dataset

are annotated with both locations and orientations and published online.

In the second part of the thesis, the role of poses in classifying human-human interactions

in still images is examined. To this end, multi-stream pose CNNs are introduced, where

each stream operates over different human pose representations. Three different pose input

variations are proposed, namely, pose masks, pose only images, and pose highlighted images.

To evaluate the proposed approach, we’ve collected HIIv2 dataset that is an extension of HII

dataset. HIIv2 contains the same number of classes, 10, with more than 10000 images in

total. It is shown that human poses, without the full context, are powerful enough to express

an interaction.

A multi-stream Convolutional Neural Network model is proposed to force the CNN model to

attend more on the human poses. Our pose-based inputs act as an intuitive spatial attention

model for the original CNN architecture. Experimental results show that each of the proposed
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representations provides valuable information to classify an interaction. A deep neural net-

work has an extreme capacity for classifying interactions. Nevertheless, it is shown that with

correct guidance, it has more to improve.

Extensive experiments on both existing (HII) and newly extended (HIIv2) are conducted for

evaluations. Well known CNN architectures are examined and shown that recognition per-

formance rises with the depth of the model. A comparison to the previous approach is given

and revealed that poses are more important than human faces in recognizing interactions.

Finally, existing methods to classify human actions and human-object interactions are ap-

plied to human-human interaction recognition and evaluated on HIIv2 dataset. It is observed

that attending the salient regions does not help much. On the other hand, attending poses is

shown to provide a noticeable contribution to classifying interactions.

To sum up, we showed that our methods are capable of recognizing human interactions from

still images. A remarkable result is that using only human faces, we may have a clue of the

interaction in an image. Another result to emphasize is that just human body masks alone

are capable of describing the interaction. This is surprising because the input is a binary

image, where the masks are not even perfect. Furthermore, human bodies alone are shown

to be the essential component of an interaction, even without motion, they almost entirely

describe an interaction. Finally, poses combined with original input images tend to increase

the performance of recognition. This helps the network to give more attention to human

bodies, which increases accuracy.

Various methods are evaluated during the study of this thesis. However, there are some as-

pects which may have further contributions. One aspect would be further evaluations of

faces, such as the emotions of people in the image scene. Emotion recognition would be

helpful to discriminate interactions. For example, a person being punched would be suffer-

ing pain, and people in a party would be happy. Emotion recognition is an active topic of

computer vision and novel methods [131, 132] have advancements, and it may have promis-

ing results on interaction recognition.

Another aspect would be using depths more effectively to make use of the most relevant

information in the scene. Using depths enables the opportunity of ignoring irrelevant people
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or objects in the scene. Moreover, it becomes feasible to separate interactions in a scene.

Thus, recognizing multiple interactions in a scene would be possible. A baseline setup is

created for depths, and evaluations are given in Table 7.13. More detailed work on depths

has promising contributions to the recognition of interactions.

In our method, we fused different instances of the same architecture for the proposed models.

Candidate future work methods, such as depth estimation and emotion recognition, would

have very different architectures which makes it harder to use a simple fusion scheme. A

Graph Neural Network [133] stands as a compelling choice and is considered to be useful

for future work.

The focus of this thesis is recognizing the most obvious and notable interaction in an image.

As a future work, the below problems are open to exploring:

• Localizing the interaction. We have answered the question of which interaction is

being performed. However, we ignore where exactly it is being performed. Finding

the location of interaction would be an interesting subject to solve.

• Recognizing multiple interactions in a scene. This could be considered in two different

ways. First, some interactions may naturally involve another one. For example, people

kissing may also be hugging each other. The second one is, depending on the field of

view, there might be multiple interactions occurring in the scene. Thus, a recognition

system should consider each interaction individually.

• Finding the actors of an interaction. Some interactions require active and passive actors

to perform. For example, kicking requires an active person performing the action and

a passive person receiving the kick. Thus, detecting the actors is a problem to solve.

Moreover, in most cases, there are redundant people in a scene who do not relate to the

interaction. Finding these people may increase recognition performance.
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J. C. S. Jacques Junior, X. Baró, H. Demirel, S. Escalera, J. Allik, and G. An-

barjafari. Dominant and complementary emotion recognition from still images

of faces. IEEE Access, 6:26391–26403, 2018.

[133] Jie Zhou, Ganqu Cui, Zhengyan Zhang, Cheng Yang, Zhiyuan Liu, and

Maosong Sun. Graph neural networks: A review of methods and applications.

CoRR, abs/1812.08434, 2018.

98





CURRICULUM VITAE

Credentials
Name,Surname : Gökhan TANIŞIK
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