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Abstract

Human activity recognition (HAR) is one of the most important and challenging problems in the

computer vision. It has critical application in wide variety of tasks including gaming, human-robot

interaction, rehabilitation, sports, health monitoring, video surveillance, and robotics. HAR is chal-

lenging due to the complex posture made by the human and multiple people interaction. Various

artefacts that commonly appears in the scene such as illuminations variations, clutter, occlusions,

background diversity further adds the complexity to HAR. Sensors for multiple modalities could be

used to overcome some of these inherent challenges. Such sensors could include an RGB-D camera,

infrared sensors, thermal cameras, inertial sensors, etc. This article introduces a comprehensive

review of different multimodal human activity recognition methods where different types of sen-

sors being used along with their analytical approaches and fusion methods. Further, this article

presents classification and discussion of existing work within seven rational aspects: (a) what are

the applications of HAR; (b) what are the single and multi-modality sensing for HAR; (c) what

are different vision based approaches for HAR; (d) what and how wearable sensors based system

contributes to the HAR; (e) what are different multimodal HAR methods; (f) how a combination of

vision and wearable inertial sensors based system contributes to the HAR; and (g) challenges and
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future directions in HAR. With a more and comprehensive understanding of multimodal human

activity recognition, more research in this direction can be motivated and refined.

Keywords: Activity Recognition, Computer vison, Wearable sensors, Fusion of vision and inertial

sensors, Smart-shoes, Multimodality.

1. Introduction

Humans regularly perform various mundane and formal tasks in their daily life such as driving,

cleaning, game playing etc. All these tasks involve many basic activities like standing, sitting,

bending, running, typing as its core component. To design a human-computer interaction system

it is needed to recognize what action the human is performing. A human activity recognition

(HAR) module would extract suitable features from the available cues. HAR has huge applications

in the area of pattern recognition, machine learning, wearable computing, and computer vision.

HAR system focuses on automatic recognition of the activities performed by individuals using

the raw data obtained from sensors. It finds applications in various domains such as gaming,

human-robot interaction, e-commerce, security, rehabilitation, sign language recognition, sports,

health monitoring, video surveillance, robotics, etc. A few applications are shown in Figure 1.

HAR systems face challenges with articulations of the human body, varying illumination, clothing,

background artifacts, clutter, occlusions, etc. These inherent difficulties have led to the development

of various methods using visual and non-visual sensors for HAR. Visual sensors include RGB-

D cameras, infrared, time-of-flight, multi-spectral, light field, thermal cameras, etc. Non-visual

sensors include accelerometer, gyroscopes, magnetometers, audio-signals, electro-thermal activity

responses, etc. These sensors have been used individually as well as in combination for HAR.

Studies have suggested that a combination of non-visual and visual approaches leads to an increase

in accuracy [1]. However, it may raise various challenges like data acquisition, feature extraction,

fusion, and temporal synchronization.

The task of HAR has been performed under varying granularity, from simple day-to-day ac-

tivities like sitting, standing, walking to other complex activities like recognizing shots in sports,

preparing meals etc. [2]. Two common approaches for HAR are using (i) wearable inertial sensors

and (ii) external devices like video cameras. Wearable inertial sensors based on HAR systems use

sensors like gyroscope, accelerometer, etc. whereas camera-based HAR systems use RGB, RGB-D,

thermal cameras, etc. to recognize activities from video data [3]. Apart from the vision and inertial
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Figure 1: Applications of human activity recognition.

sensors, environmental and acoustic sensors are also used to infer activities from the interaction of

the user with its environment. However, environmental and acoustic sensors are less preferred for

HAR [4]. This paper focuses on the works that use vision (RGB, RGB-D, and Skeletal), wearable

inertial sensors, and a combination of these two for HAR.

HAR is mostly dominated by vision-based approaches that typically focus on action recognition

using monocular RGB videos, which make it hard to comprehensively represent actions in 3D space.

With the rapid development of low-cost 3D data capture devices like Kinect and Asus Xtion Pro Live

cameras, newer research is more focused on 3D action recognition [5]. There exist many detailed

surveys for RGB-D based HAR. Notably, [6] surveyed HAR approaches that include skeleton joints,

depth maps, and other hybrid methods, using RGB-D sensors and also stated their advantages and

limitations. In [4], depth signal processing-based HAR techniques are reviewed and give details

on a method based on the temporal pyramid of key poses evaluated on the MSR Action3D [7]

dataset. The camera-based sensors are good for presetting areas but have some limitations such

as activity cannot be determined if the user is not in the visible range of the camera and it raises

issues regarding the user’s privacy. Additionally, the light, clutter, and occlusion may also affect

recognition performance. Some of the vision-based approaches are evaluated in [8, 9].

In the last decade, low-cost, low-powered, and miniaturized inertial sensors served as a major

breakthrough. The thriving development in sensor technology and pervasive computing has popu-
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larized sensor-based HAR and assures the user’s privacy [10]. The wearable sensors are mostly tiny

wireless sensors in the form of bandages, patches, or other wearables like a shirt, ring or exoskele-

tons, that can be used to measure biological signals [11]. The recent advances in wearable systems

have made inertial sensors compact, lightweight, multimodal, low cost, and accurate units, reducing

the obtrusiveness of mobile activity monitoring. These inertial sensors, which include gyroscopes,

accelerometers, and compasses, are being used individually or in combination for HAR [12]. The

acceleration and rotation signals from these inertial sensors can be used to recognize human activ-

ities [13]. The developments of these wearable inertial sensors have led to the application of HAR

to more natural, outdoor environments without the need for specialized costumes, optical markers

setups used traditionally [14, 15]. Smartphones and smartwatches are suitable for HAR because

they have sensors like accelerometer, gyroscope, and magnetometer as well as communication, pro-

cessing, and user feedback capabilities [16, 17]. Smartwatches can potentially perform better than

smartphones because smartphones are ‘on the user’ for just 23% of the time [18] and their position

with respect to the user’s body is indeterminate [19]. Smartphones and smartwatches have emerged

as important platforms for recognizing human activities. However, inertial sensors have their own

set of limitations like sensor drift, which can occur during prolonged operation times and the mea-

surements are sensitive to the sensor location on the body. Many existing inertial sensors-based

systems require users to wear many sensors on different parts of the body, which is obtrusive and

may impose inconvenience for the user to perform the activity in a natural manner. In contrast,

pervasive sensing devices or smartphones make sensing devices less noticeable and thus provide an

unobtrusive solution. However, the use of mobile phones for HAR has a degraded accuracy due to

the flexibility of usage as pointed in [20]. In [13], the pros and cons of various vision and non-vision

sensor modalities such as RGB video, cameras, depth sensors, and inertial sensors are discussed in

detail.

Significant work has been done to hide and/or embed sensors inside artifacts like shoes [21, 22,

23], wheelchairs [24], or textiles for unobtrusive activity recognition. Smart-shoes are an attractive

option for HAR for various reasons (i) The system has a fixed position on the foot and is able to

provide exact biomechanical analysis, (ii) It enables the automated assessment of functional biome-

chanics that can be used for movement analysis, and (iii) This provides an unobtrusive solution,

that can increase user’s acceptance and long-term adherence [25]. The walking ability of an in-

dividual may define the quality of life for various aspects of many health and disease conditions.
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Figure 2: Single and multi-modality sensing for human activity recognition considered in this paper.

Recently, shoes are becoming smarter and are being used for various applications in the field of

healthcare technologies. With the help of gait and mobility analysis, smart-shoes may offer numer-

ous applications including preventive support, diagnosis applications, therapy decision making, and

monitoring of an individual’s diseases. It also provides the functional and biomechanical analysis

of foot interactions, which can help medical experts and researchers to provide better solutions for

patients. However, shoes-based systems are not suitable for fine-grained activities.

Each sensor modality has its own set of limitations, however, fusing the information obtained

from vision and inertial sensors may lead to better results in realistic scenarios compared to their

individual usage [26, 27, 28]. The cost of depth and inertial sensors is low, can be used even

in dark, and is easy to operate. Many works of literature have used depth and inertial sensors in

combination for HAR [28, 27], skeleton estimation, and tracking [29], tracking human body [30, 31],

motion tracking [32, 33], etc. Chen et al. [13] provided a detailed survey using a fusion of depth

and inertial sensors for HAR.

In distinction from all the mentioned works, in this paper, vision, inertial, and multimodal (a

combination of vision and inertial) sensors based HAR works are compared and contrasted. The

paper discusses in detail vision, inertial sensors, and multimodal approaches along with the fusion

methods for HAR. Combinations of depth (D) and inertial, RGB and inertial, RGB-D and inertial,

and multiple wearable device combinations for HAR are reviewed in detail. Figure 2 presents the

single and multiple modalities approach considered in this paper. Also, the challenges and future

directions for each sensing modality are discussed, and finally, future directions are proposed for

the combination of vision and inertial sensing. Moreover, we reviewed both machine learning and
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deep learning methods for feature extraction used in HAR. The specialized reviews for each area

along with breakthrough and cutting-edge works are summarized.

In subsequent sections, vision-based approaches, inertial sensors, and multimodal methods are

discussed. Section 2 presents the vision-based approaches that utilized RGB and depth sensors

for HAR along with challenges and future directions. Section 3 presents the basic overview of

wearable systems and smart-shoes based HAR. Also, it presents the challenges and future directions.

Section 4 presents the overview of multimodal HAR and different fusion methods. It presents the

related works done using the combination of depth and inertial, RGB and inertial sensors, and

multiple wearable sensors for HAR. Also, it presents the works done with multimodal sensors using

deep learning based methods, describes the challenges, and presents the future directions using

multimodal sensors for realistic scenarios. Finally, in Section 5 concluding remarks and scope for

future applications are discussed.

2. HAR with Vision-Based Approaches

Activity recognition has remained one of the most important and challenging problems in com-

puter vision. By incorporating RGB, depth, and/or skeleton streams, numerous HAR solutions

have been proposed for various applications like human-computer interaction, video surveillance,

military, and medical applications (as shown in Figure 1). Conventionally, RGB cameras have been

utilized for vision-based HAR (Table 1). With the development of cost-effective light color depth-

sensing technologies, such as Microsoft Kinect and Asus Xtion-Pro Live RGB-D cameras, it is now

more convenient to get 3D and depth data. Depth sensors’ ability to track joints has attracted the

attention of many computer vision researchers and many different algorithms have been proposed

based on skeleton joint information for recognizing human activities (Table 4). Figure 3 shows

the tree-structured taxonomy of Kinect-based depth sensors used in various applications. Skeleton

joints extracted from depth data can be used for feature calculation to recognize actions [34].

2.1. Normal RGB Camera-Based HAR

The use of RGB cameras for HAR is one of the most common approaches. There exist a

multitude of vision-based techniques for HAR in literature. For example, [35] proposed HAR

system by comprising three components: (i) background subtraction to separate the time-invariant

parts of the image (background) from those which are changing (foreground), (ii) human tracking
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Author
Sensing-
Modality

Learning Method Application Dataset Classes Sensors Subjects

Adeli et al. [36],
2013

Distributed
camera

Convex Opti-
mization, Matrix
Completion

Daily activity
recognition

IXMAS and MuHAVi
dataset

13, 17 6 12, 7

Tung et al. [32],
2017

RGB Camera
Self-supervised
learning

Synthetic motion
capture

Surreal and H3.6M
datasets

1

Benndorf et
al. [41], 2017

RGB Camera
Deep learning,
CNN

Daily activity
recognition

Self-collected 3 1 1

Solbach et
al. [42], 2017

RGB based
stereo camera

CNN
Fallen person de-
tection for Elderly

Microsoft’s COCO
dataset, MPII human
pose dataset, Airborne
LIDAR data

2 1

Yahya et
al. [43], 2018

RGB camera
and Kinect

Two branch CNN
Elbow angle esti-
mation

Self-collected NA 2 5

Park et al. [44],
2018

RGB-D
(Kinect) info
with RGB
Camera

Convolutional
pose machines
(CPM) with
CNN

Pose estimation MPII Pose dataset Poses 2

Doulamis et
al. [45], 2018

RGB Camera
Deep learning
Autoencoders

Fall detection Self-collected 4 1

Konstantinidis
et al. [46], 2018

RGB camera
Deep neural net-
work

Sign language
recognition

LSA64 Dataset 4 1 10

Ghazal et
al. [47], 2018

RGB camera
images

CNN
Posture Classifica-
tion

Self-collected, MPII
Pose Data, INRIA Per-
son Data, and Freiburg
Sitting People Data

3 1 NA

Zhang et
al. [48], 2019

RGB camera
with OpenPose

Graph Edge
CNN

Skeleton based ac-
tion recognition

Kinetics and NTU-
RGB+D Dataset

400, 60 4

Table 1: Human activity recognition using RGB camera.

to localize human activity in an image, and (iii) human action and object detection. Adeli et

al. [36] used multi-view activity recognition to address various challenges caused by view-invariance

and occlusion, and the complexity due to a large amount of preprocessing and communication.

Their distributed activity classification system used several cameras, processing their data and

communicating with other cameras. The convex optimization technique used recovery of a low-

rank matrix over consensus to do distributed matrix completion and was tested on IXMAS [37]

and MuHAVi [38] datasets. Lateef et al. [39] investigated various approaches and their associated

loopholes to identify potential areas of research while [40] has comprehensively reviewed different

phases of HAR comparing segmentation, feature extraction, and activity classification.

In [49], image processing technique is used for simple activity recognition such as walking,

running, sitting, standing, and landing. Object detection using background subtraction was followed

by object tracking and classification to differentiate between various people. Geometric attributes

of a tracked person were manipulated to detect activity. In [50], activity recognition methods using

still images are studied and categorized according to the level of abstraction and the type of features.

Recently, OpenPose [51] is released by Robotics Institute at Carnegie Mellon University as the

first real-time system to detect 130 keypoints from a human body, hands, and faces from a single

RGB image. Part affinity fields (PAFs) and greedy bottom-up parsing methods were used to detect

pose keypoints of multiple persons from a single video sequence. The system was extended for hand,

face, and foot keypoints and has good API support for use in HAR pipelines. In [44], convolutional
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pose machine (CPM) based method on RGB-D images is used to perform keypoint detection. In

contrast to OpenPose [51], it is a top-down approach because it detects a person first and keypoints

from the detected region afterward.

In [32], a system to perform self-supervised learning is proposed using the motion capture model

on single camera input. The model optimized neural network weights instead of skeleton and mesh

parameters to predict 3D shape and skeleton for monocular RGB videos. Supervised learning was

used for parameter initialization without manual effort and backpropagation was used for self-

supervision to obtain a tight fit. In [52], an approach to reduce the influence of the instructor on

the natural behavior of participants was suggested using automated annotation of sensor data for

keypoint extraction, with the help of OpenPose [51]. In [53], the history, structure, advantages,

limitations, and challenges of the significant deep learning techniques for computer vision are briefly

overviewed i.e. convolutional neural network (CNN), deep belief networks (DBN), deep Boltzmann

machines (DBM), and stacked denoising autoencoders (SAE). Multi-view cameras were found to

improve fall detection accuracy [54] but they lead to higher complexity and duplicate cost [55].

Table 1 presents the RGB camera-based HAR approaches.

2.2. Video Action Recognition

The task of recognizing human actions in videos is known as video action recognition [56].

Over the last decade, video action recognition has seen remarkable progress with the emergence of

large-scale benchmark video datasets [57].

2.2.1. Datasets

The amount of video and image datasets are rapidly increasing on web platforms like YouTube,

Bing, etc. [58]. Spurred by the growth of online media, HMDB51 [59] and UCF101 [60] datasets

have collected 7000 and 13,320 videos, respectively, for video action recognition. Both of these

datasets consist of three splits and are evaluated in a similar manner. A large-scale video action

recognition dataset Sports1M [61], consisting of 1 million YouTube videos spread into 487 sports

classes, was proposed in 2014. Caba et al. proposed ActivityNet [62] in 2015, which consists of

27801 videos for 203 classes. It comprises three tasks i.e. trimmed activity classification, untrimmed

video activity classification, and human activity detection. YouTube8M [63], which was introduced

in 2016, is the largest video dataset at present consisting of 8 million YouTube videos spread into

3862 action classes. Charades [64] dataset was recorded for the purpose of indoor human action
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understanding with the help of 267 people. It contains 9848 videos for 157 action classes. The

Kinetics [65, 66, 67] datasets are one of the most widely used datasets for video action recognition.

It consists of Kinetics400 [65], Kinetics600 [66], and Kinetics700 [67] datasets proposed in 2017,

2018, and 2019, respectively. AVA [68] is a large-scale spatiotemporal dataset consisting of 57,600

videos (385,446 samples) for 80 classes. 20BN-Something-Something V1 and V2 [69] datasets consist

of 108,499 and 220,847 videos for 174 classes and were introduced in 2017. The videos contain daily

actions interacting with common objects. Moments in Times [70] is an event understanding dataset

comprising 1 million 3 seconds video clips for 339 classes. This dataset includes both human and

non-human actions. Following a similar trend, new datasets proposed for video action recognition

include HACS Clips [71], HVU [72], AViD [73], FineGym [74], and HAA500 [75]. Among these,

the purpose of the HACS Clips [71] dataset is to recognize and localize human actions in videos

while the HVU dataset is a multi-label and multi-task video understanding dataset. AViD [73]

is an anonymized action recognition dataset collected from various countries consisting of 450K

videos for 887 classes. FineGym [74] is an sports action recognition dataset while HAA500 [75] is

an atomic action recognition dataset. A list of representative datasets along with the release year,

total number of videos and actions are summarized in Table 2.

Dataset Year Videos Actions

HMDB51 [59] 2011 7000 51

UCF101 [60] 2012 13,320 101

Sports1M [61] 2014 1,133,158 487

ActivityNet [62] 2015 27,801 203

YouTube8M [63] 2016 8,000,000 3862

Charades [64] 2016 9848 157

Kinetics400 [65] 2017 306,245 400

AVA [68] 2017 57,600 80

20BN-Something-Something V1 [69] 2017 108,499 174

20BN-Something-Something V2 [69] 2017 220,847 174

Moments in Times [70] 2018 1,000,000 339

Kinetics600 [66] 2018 495,547 600

Kinetics700 [67] 2019 650,317 700

HACS Clips [71] 2019 1,550,000 200

HVU [72] 2020 572,000 739

AViD [73] 2020 450,000 887

FineGym [74] 2020 32,684 530

HAA500 [75] 2020 10,000 500

Table 2: Summary of representative video action recognition datasets.

9



2.2.2. Hand-Crafted Features

Before the resurgence of deep learning architectures, hand-crafted features [76, 77, 78, 79] were

engineered for video action recognition. Few hand-crafted feature methods especially improved

dense trajectories (IDT) [77] dominated the field of video action recognition over CNN architec-

tures [80, 81, 82], before 2015. They obtained sufficiently high accuracy and more robustness.

However, hand-crafted feature-based methods suffer due to high computational cost, the require-

ment of domain expertise [83], and hard to scale and deploy [56].

2.2.3. Recurrent Neural Networks

Due to the presence of temporal information in video sequences, numerous researchers have

applied RNN based methods, specially LSTMs [84], for video-based HAR [85]. Some of the earlier

works of video-based HAR using LSTMs include LRCN [86] and Beyond Short-Snippets [87], which

used two-stream networks. They passed spatial features extracted from CNNs to a deep LSTM

network, and aggregate frame-level feature maps obtained from CNNs into video-level prediction.

However, there was not much improvement of LSTMs [87] over the two-steam networks [88]. Follow-

ing a similar trend, many works used CNN-LSTM models for video-based HAR, like CNN-LSTM

fusion [89], bidirectional LSTM [90], and hierarchical multi-granularity LSTM [91]. Sun et al. pro-

posed Lattice-LSTM [92] to learn independent hidden state transition of LSTM memory cells for

modeling the long-term and complex motions. ShuttleNet [93] maintains long-term dependencies

by considering both feedback and feed-forward connections. VideoLSTM [94] includes spatial and

motion-based attention mechanisms for action localization and recognition. Recently, Zhu et al.

proposed FASTER [95] that designed FAST-GRU for aggregating the clip-level features from cheap

and expensive backbones to reduce the processing cost and accelerate inference speeds.

2.2.4. Deep CNN Architectures

Availability of large-scale datasets and rapid progress in the deep learning area contributed

significantly towards the growth in video-based actions recognition. Deep CNN architectures are

gaining growing popularity for video-based HAR following up the initial works of DeepVideo [61].

Attempts to video action recognition methods can be categorized into three categories. 1) Two-

stream CNN networks; 2) 3D-CNNs; and 3) Computational efficiency. The first trend started with

the Two Stream Networks proposed by Simonyan et al. [88] that used spatial and temporal streams

to capture the spatial and temporal features, respectively. Following a similar line, a large number
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Method Year Pretrained on Backbone HMDB51 [59] UCF101 [60] Kinetics400 [65] Sth-Sth V1 [69]

C3D [96] 2015 Sports1M VGG-16 56.8% 82.3% 59.5% —

TSN [97] 2016 ImageNet BN-Inception 68.5% 91.1% 73.9% 19.7%

I3D [98] 2017 ImageNet, Kinetics BN-Inception 74.8% 95.6% 71.1% 41.6%

ResNet3D [99] 2018 Kinetics400 ResNeXt101 70.2% 94.5% 65.1% —

R(2+1)D [100] 2018 Kinetics400 ResNet34 74.5% 96.8% 72.0% —

S3D [101] 2018 ImageNet, Kinetics BN-Inception 75.9% 96.8% 74.7% —

SlowFast [102] 2019 — ResNet101-NL — — 79.8% —

TSM [103] 2019 ImageNet ResNet50 73.5% 95.9% 74.1% 47.2%

STM [104] 2019 ImageNet, Kinetics ResNet50 72.2% 96.2% 73.7% 50.7%

TEINet [105] 2020 ImageNet, Kinetics ResNet50 72.1% 96.7% 76.2% 49.9%

TEA [106] 2020 ImageNet, Kinetics ResNet50 73.3% 96.9% 76.1% 51.9%

TPN [107] 2020 — ResNet101 — — 78.9% —

MSNet [108] 2020 ImageNet, Kinetics ResNet50 77.4% — 76.4% 52.1%

TDN [109] 2020 ImageNet, Kinetics ResNet50 76.3% 97.4% 77.5% 53.9%

Table 3: Comparison of some of the representative video action recognition methods on HMDB51 [59], UCF101 [60],
Kinetics400 [65], and 20BN-Something-Something V1 (Sth-Sth V1) [69] datasets. NL represents non-local.

of papers utilized two streams such as TDD [110], TSN [111], Fusion [112], TRN [113], etc. Where

TSN [111] samples evenly divided segments of video clips, TRN [113] and TSM [103] replaced

average pooling with the interpretable relational module and used shift modules for capturing

the temporal information. The second category uses the 3D convolutional kernels and pooling for

learning spatiotemporal features directly from videos such as C3D [96], I3D [98], S3D [101], R3D [99],

Non-Local [114], SlowFast [102], etc. Finally, the third category focuses on computational efficiency

to scale on large video datasets so that it can be adopted in realistic scenarios. Examples include

TSM [103], Hidden TSN [115], TVN [116], X3D [117], etc. Comparison of popular video action

recognition methods on widely adopted datasets is presented in Table 3.

2.3. HAR with RGB-D Sensor

Many works in HAR using vision have found that the depth information is better at handling

illumination changes and protecting privacy compared to traditional RGB cameras [118]. These

approaches use low-resolution depth information for joint localization. The depth and skeleton-

based HAR is getting popularized with the advent of accurate depth sensors and poses extraction

algorithms [34].

Many research papers have summarized the research on human motion recognition with RGB-D

data, for example, Chen et al. [119] concentrated on depth sensor-based activity recognition methods

and datasets. Ye et al. [120] used depth and skeleton inputs for hand/pose estimation, activity
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Figure 3: Tree-structured taxonomy using Kinect.

recognition, gesture recognition, and facial feature recognition. To produce a large-scale RGB-D

dataset, Wu et al. [121] merged five public RGB-D datasets with different attributes like the length

of actions, camera angles, subject demographics, etc. The data includes 4528 samples performing 7

categories (46 subcategories) and are performed by 74 distinct subjects. The challenging nature of

the dataset was verified by three feature representation methods, including spatiotemporal depth

cuboid similarity feature, depth motion maps, and curvature space scale, showing that the merged

dataset was more realistic and suitable for benchmarking.

Different machine learning and deep learning based methods have been proposed for HAR using

the depth sensors (Table 4). Gaglio et al. [122] presented three machine learning techniques using

Microsoft Kinect for HAR. They combined the hidden Markov model (HMM), support vector

machines (SVM), and k-means clustering to detect postures from relevant joints. They used a new

dataset al. along with a publicly available CAD-60 [123] dataset. Du et al. [124] divided the human

skeleton into five distinct parts and applied five layers of recurrent neural networks (RNNs) on them

whereas, Shahroudy et al. [125] proposed a new RNN to model the long-term temporal correlation

of the body parts. Liu et al. [126] extended RNN to the spatiotemporal area to study hidden

sources of actions. Zhu et al. [127] proposed a fully connected long short-term memory (LSTM)

network to perform skeleton-based recognition and Zhang et al. [128] applied LSTM on a set of

selected geometric features of joints. CNNs have also been used to perform activity recognition.

Li et al. [129] proposed a two-stream CNN, in which one stream was applied on raw coordinates

whereas the other used motion data from the subtraction of joint coordinates from subsequent

frames. Transformation of skeleton sequence to cylindrical coordinates before application of CNN

was proposed by Ke et al. [130]. Kim et al. [131] proposed CNN to directly learn from spatiotemporal
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representations for 3D HAR. Yan et al. [132] applied CNN on spatiotemporal human skeleton graph.

Zhang et al. [48] also used CNN on skeletal data but unlike previous works, they convolved it on

the edges instead of nodes. In [133], RGB-D based HAR was broadly classified into four groups,

depending on modality adopted i.e., RGB, depth, skeleton, and RGB-D. It discussed methods of

encoding spatial and spatiotemporal information and proposed future directions.

Park et al. [134] used RNNs for activity recognition using joint angles which varied over time and

were represented in a spatiotemporal feature matrix. In their model (as shown in Figure 4), RNN

based activity recognition systems outperformed HMM and DBN-based models on MSRC-12 [135]

dataset. A three-layer LSTM was presented for HAR by Li et al. [136], which utilized long-term

temporal skeleton sequences of activities represented by joint trajectories. They used dropout and

L2 regularization to avoid overfitting and tested the model on publicly available UTD-Multimodal

Human Activity Dataset (UTD-MHAD) [137].

Recently, Zhang et al. [48] proposed convolutional networks using edges of the skeleton graph

instead of joints, taking inspiration from the human interpretation of activities. The edges were

defined using both temporal and spatial neighbors, to represent motion and coordination between

bones respectively. Graph node and graph edge-based convolutions are complementary and have

been used to construct two-hybrid neural networks as described in Figure 5. Their model outper-

formed the state-of-the-art Kinetics [65] and NTU-RGB+D [125] datasets. In the next section, we

present the challenges and future directions of vision-based HAR.
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Figure 5: Illustration of the edge convolution system [48]

2.4. Point Cloud Based 3D HAR

Point cloud is a 3D data format consisting of a massive collection of points to perceive the

geometric information of scenes accurately while being robust to different lighting conditions [143].

Two common ways for obtaining the 3D point clouds are, 1) using 3D capturing devices like depth

or LiDAR sensors, 2) using 3D reconstruction of images. However, point clouds are generally un-

structured, irregular, and unordered. Due to which it is difficult to use 3D CNN-based architectures

([96, 98, 99]) for point cloud sequences [143].

A series of 3D point cloud-based methods have been proposed for HAR. For example, Rusu et

al. [144] used 3D point-based geometry methods to represent action shapes as 3D point clouds and

compute histogram feature descriptors for HAR. Munaro et al. [145] introduced a 3D grid-based

descriptor to encode user’s motion from colored point clouds and 3D motion flow estimations. A

few researchers, like 3D voxel grids [146] and multi-view rendering [147], converted raw point clouds

to regular formats for applying the deep learning methods. However, this conversion increases the

computational complexity and could lose some relevant information.

PointNet [152] was a pioneer work that uses point clouds as a direct input to deep learning

networks. It first extracts features separately for each individual point and then integrates them

for obtaining the global features. However, it only maintains global features but cannot capture

the local fine-grained features well [153]. To address this issue, PointNet++ [149] added two main

contributions. First, it partitioned the point cloud into overlapping local regions for maintaining the

3D visual clues. Second, PointNet was used recursively to extract the local features to these local

regions. PointNet++ is comparatively lightweight than PointNet. Li et al. [154] proposed SO-Net
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Author
Sensing-
Modality

Learning Method Application Dataset Classes Sensors Subjects

Zhang et
al. [138],
2012

RGB-D Cam-
era (Kinect)

Bag of Features
(BOF) and SVM

Daily Activity
Recognition

Self-collected for Fall
detection and Cornell
3D Activity Dataset

5, 13 1 5, 4

Chen et
al. [139],
2013

Two Kinect
depth sensors

Manual Feature
Extraction Meth-
ods

Yoga and Self-
training for Sports
Exercises

Self-collected 6 2 5

Gaglio et
al. [122],
2015

RGB-D Cam-
era (Kinect)

K-Means Clus-
tering, SVM, and
HMM

Action and gesture
recognition

Self-collected KARD
dataset and made it
public, also tested on
CAD-60 Dataset

10, 8 1 10

Park et
al. [134],
2016

Depth Camera
(Kinect)

Deep RNN, HMM,
and DBN for com-
parision

Health and social
care services

Microsoft Research
Cambridge – 12
(MSRC-12) Data

12 1 30

Spremolla
et al. [140],
2016

RGB-D
(Kinect) and
Thermal Sen-
sors

Particle Filters Person Tracking Self-collected NA 2 NA

Wu et
al. [121],
2017

RGB-D
(Kinect)

Depth motion
maps, Spatiotem-
poral depth,
Cuboid Similarity
feature curvature
space scale

Daily activity
recognition

MSR Daily Activities,
CAD60, RGB-Huda
Act, SDU Fall, and
Northwestern UCLA

7, 46 5 74

Rahmani
et al. [141],
2017

Depth and
Skeleton
(Kinect)
Videos

Deep CNN Model
Daily Activity
recognition

NTU RGB+D, and
UWA3DII datasets

60, 30 40, 10

Martinez-
Gonzalez
et al. [142],
2018

Depth Images
(Kinect)

CNN

Multi person pose
estimation, and
Human-robot
interaction

Self-collected and made
public as DIH3 dataset

NA 1 24

Table 4: Human activity recognition using RGB-D camera.

Methods Input NTU RGB+D 60 [125] NTU RGB+D 120 [148] MSR-Action3D [7]

Cross-Subject Cross-View Cross-Subject Cross-View

PointNet++ [149] Point 80.1% 85.1% 72.1% 79.4% 61.61%

MeteorNet [150] Point – – – – 88.50%

3DV-Motion [151] Voxel 84.5% 95.4% 76.9% 92.5% –

3DV-PointNet++ [151] Voxel + Point 88.8% 96.3% 82.4% 93.5% –

PSTNet [143] Point 90.5% 96.5% 87.0% 93.8% 91.20%

Table 5: Comparison of point cloud-based action recognition methods on NTU RGB+D 60 [125], NTU RGB+D
120 [148], and MSR-Action3D [7] datasets.

for utilizing the spatial distributions of point clouds. MeteorNet [150] extended the PoinNet++ [149]

by appending the 1D temporal dimension to the 3D point for processing the raw point cloud

sequences. Wang et al. [151] proposed 3D Dynamic Voxel (3DV) for 3D motion representation. It

encodes 3D action information into a voxel set with temporal rank pooling. The voxel representation

was then abstracted and passed through the PointNet++ [149] model for 3D HAR. These above-

mentioned works demonstrate that the point cloud modality can be used for 3D HAR and it will

be independent of the lighting conditions and viewpoint changes. Comparison of some popular

point cloud-based 3D HAR methods on NTU RGB+D 60 [125], NTU RGB+D 120 [148], and

MSR-Action3D [7] datasets are presented in Table 5.
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2.5. Challenges and Future Directions

The vision-based approach is the most unobtrusive of all the HAR techniques but has consider-

able challenges in terms of equipment requirement and sensitivity to the environment. Specialized

depth sensors like Microsoft Kinect are not used outside the lab environment typically, and their

cost can be a hindrance for mass adoption. Using RGB cameras on portable devices for HAR can

be the future direction for commercial applications. This raises the issue of computational power on

mobile devices, which is limiting RGB-based deep learning models like OpenPose [51] on portable

devices. Research in neural networks for mobile devices and improved computational power in

newer devices can solve this problem in the near future [155]. Another approach to handle this

issue can be, processing the data on the cloud and displaying results on a phone. However, it may

not be feasible for mass deployment due to its high cost. The robustness to lighting, occlusion, sub-

ject angle, etc. are also key areas for improvement in vision-based HAR. Better feature extraction

and imaging techniques like 360 cameras can resolve these issues in future works. All the methods

discussed in this section are reliant on fixed cameras, which inherently limits the ability to detect

outdoor activities like running, swimming, etc., where the subject can go beyond the visual field

of the camera. This problem is hard to solve and might need cameras that can track subjects and

safely move accordingly.

3. HAR with Wearables

This section first presents the overview of wearable devices. Second, HAR with wearable sensors-

based works is presented. Third, smart-shoes based HAR systems are described along with their

applications. Finally, the challenges and future directions for wearable inertial sensor-based HAR

are presented.

3.1. Wearable Devices

It is estimated that there will be around 3 billion wearables by 2025 [11]. There are several

factors involved in the design of wearable devices for consumer markets that include:

• Aesthetics: Appearance is an important factor for targeting consumers. Many technology

companies have partnered with sports and fashion brands to make their wearable devices

more attractive [156].
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Figure 6: Ring sensor and its schematic diagram [11]

• Size: The devices should be compact enough to be used unobtrusively for HAR. Figure 6

demonstrates a smart ring and its schematic diagram.

• Water Tolerance: This is required to protect the wearable devices from sweat, moisture, rain,

etc. and make them suitable for swimming in certain cases.

• Power Consumption: The wearables must use ultra-low-power management circuit and flex-

ible energy harvesting mechanisms to maximize the battery life [157].

• Operating System: Wearable devices are often designed as an extension of smartphones and

need to be connected to them. They need specific operating systems (OS), like Wear-OS

(formerly Android Wear), Watch-OS, etc. [11].

There are various kinds of wearable sensors available that can be used for HAR as shown in

Figure 7. The selection of sensors for wearable devices mostly depends on the type of application.

There are four distinct groups of attributes measured using wearables for HAR i.e. inertial sensors,

location, environmental attributes, and physiological signals.

• Inertial Sensors: Inertial sensors consist of accelerometers and gyroscopes, and measure the

three-dimensional acceleration and angular velocities of an object [159]. In [160], inertial

sensors were used for sports and daily activity recognition in an unsupervised setup using

a tree-structured artificial neural network (ANN). In [161], a sparse representation classifier

is used for recognizing activities with a single accelerometer sensor, while [162] has designed

hierarchical activity recognition with linear discriminant analysis (LDA) for feature extraction
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Figure 7: Wearable sensors for human activity recognition [158].

using a three-axis accelerometer followed by ANN. Since the placement of sensors varies

from person to person, using the accelerometer as a single sensor may not be sufficient for

activity classification [163]. Jovanov et al. [164] have proposed a computer assistive physical

rehabilitation system using multiple inertial sensors comprising a wireless body area network.

In [165], inertial sensors were used for hand-twist and hand-open gestures for a medication

adherence monitor. In [166], a tutorial was provided about the design and evaluation of HAR

systems using inertial sensors.

• Location: Smartphones (and some of the smartwatches) are equipped with GPS sensors,

making them useful for context-aware applications like detecting the mode of transport [167]

and providing ontological reasoning [168]. The location data can be useful for human activities

like sitting in a home, running or walking in a park, traveling, etc. However, it is less useful

for fine-grained activities like establishing a distinction between whether a person is sitting

on a bed or a chair, etc.

• Environmental Attributes: The attributes like temperature, humidity, light, audio, etc., can

also be used to provide contextual information to describe the user’s surroundings [2]. These

are not sufficient by themselves for HAR but can be used in conjunction with accelerometers
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Author and
Year

Sensing Modal-
ity

Learning
Method

Application Dataset Classes Sensors Subjects Results

Khan et
al. [162], 2010

Accelerometer,
Pressure, Mi-
crophone in
(Smartphone)

Kernel Dis-
criminant
Analysis
(KDA), SVM

Daily activity
recognition

NA 14 NA NA Accuracy 87%

Malott et
al. [172], 2015

Smartphone’s
accelerometer

Dynamic
Time Warping

Self-Harming
Activities

Self-
collected

15 2 4 F1-Score 80%

Chetty et
al. [173], 2015

Smartphone’s
accelerometer
and gyroscope

RF, Ensemble
Learning and
Lazy Learning

Daily activity
recognition

Opportunity
data and
smart-
phone AR
database

6 2 30

KM-60%; NB-79%;
J48-94.00%; RF-
96.30%; RC-96.90%;
IBK-97.89%

Sathyanarayana
et al. [174],
2016

Actigraphy ac-
celerometers

Logical re-
gression,
SVM, RF,
Adaboost

Action recogni-
tion and sleep
research

Self-
collected

2 NA

Adaboost-72.06%;
RF-76.47%; SVM-
72.06%; Average-
73.53%

Vanrell et
al. [12], 2018

Tri-axial accel-
eration signal

SVM, RF,
Näıve Bayes,
MLP

Daily activity
recognition

SCUT-
NAT
Dataset

10 1 44
Overall Accuracy-
91.21%

Bharti et
al. [175], 2018

Accelerometers
attached on
wrists

Random
forests and
continuity
indices

Self-harming
and daily
activity recog-
nition

Self-
collected

15 2 11

Accuracy of 98%
(Same user) and
94% (cross user)
with 10 fold cross-
validation; 70%
(cross-user leave-
one-out evaluation)

Amor et
al. [16], 2018

ZGPAX-S8,
GT3X and Ge-
neActiv Smart-
watches with
accelerometer
sensors

Validation
metrices

Daily activity
recognition
and physical
manipulation
testing

Self-
collected

5 5 4

Validated the smart-
watch dataset using
mean and standard
deviation of sensor
values

Table 6: Human activity recognition using wearable inertial sensors.

and other sensors [169].

• Physiological Signals: Vital body signs like heart-rate, breathing rate, skin conductivity, skin

temperature, and ECG were also used in some of the works [169, 170]. Tapia et al. [170] used

five tri-axial accelerometers in combination with heart-rate monitor for HAR and concluded

that the heart-rate is not very useful in HAR context, because it tends to remain at a high rate

for some time after physical activity even when the person is sitting. Physiological sensors

are more useful in context to healthcare applications and can encourage users to perform

monitoring, but tend to increase the system cost, obtrusiveness, and energy usage without a

significant benefit in HAR results [171].

3.2. HAR with Wearable Inertial Sensors

Many works of literature have proposed wearable inertial sensor-based solutions for HAR and

elderly care with chronic diseases (as shown in Table 6). However, the placement of inertial sensors

on the human body also plays an important role in HAR [176, 177, 178]. Mostly, inertial sensors

placed on the waist give better accuracy [179]. Additionally, the acceptance of the wearable inertial

sensors by the user depends on the position and visibility of the sensors and their obtrusiveness [180].

Unobtrusive solutions are more preferred by the user. Wearable systems may use single or multiple
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inertial sensors for HAR [181]. In [182], tri-axial accelerometer, gyroscope, and magnetometer

were employed using different classifiers such as least-square, Bayesian decision, and dynamic time

warping (DTW) for HAR. As one of the interesting and important applications of HAR, Malott

et al. [172] introduced a self-harm activity recognition engine named SHARE, to infer self-harming

activities from the wrist-worn accelerometer. They attached a smartphone on both wrists for

activity recognition. Using a DTW algorithm, they scored an accuracy of 80% on 4 subjects.

Another system called Watch-Dog was proposed in [175] to detect self-harming behavior using

three components i.e. a wrist-worn accelerometer, an algorithm to classify activity, and a feedback

mechanism. They used a random forest-based fine-grained activity classification algorithm. It was

tested on 11 subjects performing a series of activities including self-harming and other activities. In

contrast to SHARE [172], Watch-Dog [175] used Shimmer devices that could be comfortably worn

as a watch or arm-band, which increase its practicality. A few other interesting applications used

in wearable sensors based HAR include sleep monitoring [183], suggestions for sleep hygiene [184],

tracking sleep apnea [185], tracking sleep [186] and environmental disruptors [187]. Sathyanarayana

et. al. [174] proposed a framework called RAHAR to evaluate sleep quality and correlate it with

the physical activity of the individual. The system outperformed the previous state-of-the-art by

15% ROC and 30% F1 score, and also can be used for other problems like diabetes, obesity, and

cardiac diseases. Choe et al. [188] proposed a self-monitoring tool called SleepTight, which leveraged

Android widgets, was found to improve sleep diary compliance rate to 92% in participants using

it with widgets, in contrast to 73% in those using it without widgets. The widgets encouraged

self-reflection and improved access to sleep information and can be used to promote data collection

and user feedback for wearable HAR.

Traditional HAR approaches were based on shallow handcrafted features, which include sta-

tistical information including mean, variance, amplitude, and frequency [189]. These algorithms

perform well for low-level activities such as standing, sitting, walking, etc. but fails in the case of

context-aware and fine-grained activities [190]. Deep learning based methods are used for extracting

automated discriminative features from the raw data obtained from sensors. In [191], an approach

for HAR called Deep RNN was proposed to use internal memory to capture the temporal dynamics

of activity sequences. Whereas, [192] used a combination of CNN and RNN in a single model.

They proposed unidirectional, bidirectional, and cascaded architectures based on LSTM to capture

long-term dependencies and evaluated them on miscellaneous benchmark datasets. The system was
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found to outperform conventional machine learning techniques like support vector machines (SVM)

and k-nearest neighbors (KNN), along with deep learning techniques like DBNs and CNNs. Li et

al. [193] compared different approaches for HAR, using wearables on OPPORTUNITY [194] and

UniMiB-SHAR [195] datasets, by proposing a rigorous framework. They highlighted the effective-

ness of methods, using hybrid deep learning involving CNN and LSTM for capturing both short

and long-term dependencies in the time series data. Wang et al. [3] presented a detailed survey on

sensor-based HAR using deep-learning, focusing on the deep model, sensor modality, and applica-

tions. They presented insights on existing works and made a suggestion for promoting non-invasive

techniques to minimize subject disturbance while collecting data.

The pervasiveness of smartphones makes them more desirable and popular compared to cus-

tom wearable sensors. Smartphones and smartwatches, equipped with various sensors including

accelerometer, magnetometer, gyroscope, GPS, are very much suitable for activity recognition

and health monitoring applications [196]. Bettini et al. [197] proposed CAVIAR, a hybrid semi-

supervised system for real-time HAR. They applied semantic reasoning on contextual data for

refining the predictions of an incremental classifier. They continuously updated the recognition

model by using active learning. In [198] and [16], the authors evaluated the fitness of ZGPAX S8,

an Android smartwatch for HAR in terms of time interval accuracy, accelerometer accuracy, and

drift timing, comparing them with scientific instruments. The device was found to have good cor-

relation and agreement in physical manipulation and c-location tests. Data range clipping, sample

rate inconsistency, and time drift were identified as some of the limitations, but these did not affect

the detection after the algorithm was applied to the data. Recently, few literatures have utilized

deep learning architectures for health care applications, however, processing the noisy and complex

sensor data, and running deep architectures on mobile devices is still a challenging task, that is

likely to drain the device resources [199]. Few works of literature have proposed different approaches

to reduce the hardware limitations. For example, Lane et al. [200] have proposed a low-powered

system that utilizes both the central processing unit (CPU) and digital signal processor (DSP)

of smartphones, without any overloading on the hardware using a deep neural networks inference

engine. Further, they presented a DeepX software to lower the device resources required by deep

learning that was earlier a limitation for mobile adoption, which allows large-scale deep learning

algorithms to run smoothly on smartphones [201].

In recent years, wristbands have emerged as a popular tracking device for sports activities.
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Figure 8: A pair of shoes equipped with sensors [205].

Bai et al. [202] developed the weSport system, using Microsoft Band for recognizing activity from

one-to-one basketball games. It achieved a precision of 91.34% and recall of 94.31%, using only

20 minutes of data. Wearable trackers like Fitbit, Microsoft Band, and Jawbone-Up have gained

popularity in recent years, with everyone in ten Americans over the age of 18 owning one [188].

Sefen et al. [203] proposed a platform to combine the sensors of smartwatches and smartphones

for real-time HAR. The dataset was collected from 16 participants and Naive Bayes was found

to perform the best. However, the classifiers were confused to distinguish between walking and

upstairs/downstairs activities. Faye et al. [204] studied four different but complementary aspects

of wearable sensor-based HAR. These include the use of smartwatches in combination with smart-

phones for HAR. They used energy-efficient and scalable data structures to detect signals. Also,

SVM was used for classification along with the novel representations for visualization of activities

and social interactions of users.

3.3. Footwear Based HAR

Various activity monitoring systems have been proposed for continuous and real-time monitor-

ing through heart-rate, accelerometers, and using multiple sensors. However, the use of multiple

wearables has the disadvantage of being obtrusive and is uncomfortable to wear for a longer time.

Recently, many approaches have been proposed using smartphone’s 3-axis accelerometers. How-

ever, it is likely to be limited because cell phones can be worn or carried by a person in different

ways [23].
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Footwear is a necessary component and a basic need of the modern human lifestyle [206].

Footwears and smart-shoes are now being furnished with various sensors, wireless interfaces, bat-

teries, and recharging circuits. These devices provide unregulated, low-cost, and user-oriented

solutions for healthcare and sports applications [205]. Smart-shoes typically consist of pressure

sensors, inertial sensors (i.e. accelerometer and/or gyroscope), and a wireless/wired connection for

data acquisition. The pressure sensor is used for plantar pressure measurement, whereas the iner-

tial sensors are used for movement detection (Figure 8). The combination of these sensors can be

used to measure gait patterns, to assist stroke patients, for posture/activity recognition and energy

expenditure estimation (as shown in Table 7). Kawsar et al. [207] proposed a HAR system using

a smartphone and plantar pressure sensors. Sazonov et al. [23, 22] proposed footwear-based sys-

tems for energy expenditure estimation applications (as shown in Figure 9). Dannecker et al. [208]

compared smart shoes with other accelerometer-based devices and proved them to be equally or

more accurate. Hegde et al. [209] reviewed the application scenarios of footwear based wearable

systems which include monitoring gait, measuring the plantar pressure, activity/posture recogni-

tion, estimation of human body weight and energy expenditure, biofeedback, pedestrian tracking,

and navigation, fall detection, and fall risk estimation, energy harvesting, and affective computing

applications from the smart footwear. Chen et al. [210] reviewed the research efforts on different

gait pathologies published between 1970 and 2016 using shoes-based sensors (Figure 10).

As smart shoes-based devices are used in daily life with their rough and tough uses, the sensors

in the smart shoes must be flexible enough to handle the wear and tear and must be usable for a

long duration [209]. The flexibility and durability of sensors are a major barrier in the commercial

adoption of shoes-based HAR. The sensitive electronic equipment is under considerable stress during

user activity and is prone to breakage. This requires work in the design of shock-absorbent materials

to provide protection to the sensors, without making the shoes bulky. Designing flexible circuit

boards and batteries can also accelerate the development of smart shoes. Another potential area

of work could be the design of sensorized insoles, which users can use with multiple pairs of shoes.

This will reduce the cost of using smart-shoes, as the user can replace the shoes on wearing them

out and use the same insole with another pair of shoes.
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Figure 9: Smart-shoes based HAR system for energy expenditure prediction [23].
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Figure 10: The distribution of research efforts on different gait pathologies for papers published between 1970 and
2016 [210].
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Author and
Year

Sensors Description Limitations

Sazonov
et al. [22],
2011

Smart-Shoes (Ac-
celerometer and
Pressor sensor)

The shoe sensor was tested in nine adults performing sitting
and standing postures and while walking, running, stair as-
cent/ descent, and cycling. Support vector machines (SVMs)
were used for classification.

Computationally intensive,
Manual feature extraction, and
Not accurate in a real-time
environment.

Hodapp et
al. [211],
2012

Smart-Shoes (Ac-
celerometer and
Pressor sensor)

Automatic posture classification using Artificial Neural Net-
works (ANNs) operating with fixed-point precision arithmetic.
Compared the performance with SVM-based methods.

Very limited activities (Sit,
stand, and walk), Misclassifi-
cation in Sit and Stand, Low
recognition rate.

Jung et
al. [212],
2014

Inertial Sensors and
Smart-shoes (Pressor
Sensor)

A mobile three-dimensional motion capture system are de-
veloped based on inertial sensors and smart-shoes. Inertial
measurement units (IMUs) in general consist of three axes
accelerometers, three-axis gyroscopes, and three-axis magne-
tometers.

The accuracy estimation is
highly dependent on the perfor-
mance of the sensor fusion algo-
rithm, and Low Accuracy

Zhang et
al. [213],
2014

Inertial measure-
ment unit and Four
pressure sensors
are embedded in
smart-shoes.

Joint angle sensors were used to estimate the joint rotation in
three dimensions. Smart-shoes were developed to measure the
GCFs at four points on the shoe pad during walking.

For Gate Rehabilitation, not
suitable for activity recogni-
tion. Highly obtrusive

Sazonov
et al. [23],
2015

Smart-shoes (5 force-
sensitive resisters)
and Mobile Phone
(accelerometer and
Gyroscope)

Shoes based wearable sensor system with a mobile phone for
real-time recognition of various postures/physical activities
and the resulting EE. Compared use of Support Vector Ma-
chines (SVM), Multinomial Logistic Discrimination (MLD),
and Multi-Layer Perceptron (MLP) for posture and activity
classification followed by EE estimation.

Limited activities (Sit, stand,
walk, cycling), and Confusion
between sitting and standing.

Chinnimilli
et al. [214],
2017

Inertial Measure-
ment Units (IMUs)
and Smart-Shoes
(Pressor Sensor)

An intelligent fuzzy inference (IFI) algorithm using inertial
measurement units (IMUs) and smart-shoes to recognize hu-
man activities. A total of four IMUs are mounted on bilateral
thighs and shanks to provide acceleration and angular rate
data.

Even if the algorithm runs
faster still the approach is
highly obtrusive.

Pham et
al. [215],
2017

Wireless accelerome-
ters inside the insole
of Smart-Shoes.

A convolution neural networks (CNN) model that automati-
cally learns features from sensing data and makes predictions
about performing six different activities.

Not able to classify non-weight
bearing activities.

Table 7: Human activity recognition using footwear based sensors.

3.4. Wearable Egocentric Camera-Based HAR

Steve Mann has introduced the first wearable camera in the 1990s [216]. With the increase in

the popularity of wearable cameras, like GoPro and Google Glasses, egocentric video-based HAR

is getting the attention of many researchers in recent years [217].

3.4.1. Egocentric HAR

The egocentric video-based HAR, also known as First Person Vision, has been explored for

various applications including action classification, action detection, action anticipation, etc. [218,

219, 220]. Unlike conventional videos for HAR, egocentric videos are self-recorded [221]. The

absence of the wearer’s body in egocentric videos makes the recognition more challenging. Moreover,

egocentric video-based HAR requires a fine-grained understanding of hand motions and the objects

with whom the wearer is interacting within complex environments. Over the last decade, many

datasets have been proposed for egocentric video-based activity recognition. A list of representative

egocentric HAR datasets along with the release year, devices, location, mode, number of classes,

number of subjects, number of videos, and frames are summarized in Table 8.

Several works on egocentric video-based HAR focus on exploring different aspects such as gaze,

action, and attention for action classification. Also, a combination of gaze and action has been
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Dataset Year Device Mounting Mode Classes Subjects Videos Frames

CMU-MMAC [235] 2009 FireWire Head RGB 29 39 175 0.2M

UCI ADL [236] 2012 GoPro Chest RGB 32 20 20 1.0M

GTEA Gaze+ [237] 2012 GoPro Head RGB 44 6 37 0.4M

EgoHands [238] 2015 Google Glass Head RGB 4 8 48 130K

Stanford ECM [239] 2017 Mobile Phone Chest RGB 24 10 113 –

FPHA [240] 2018 Intel RealSense SR 300 Shoulder RGB-D 45 6 1175 105K

Charades Ego [241] 2018 – Vary RGB 157 112 2751 2.3M

Epic Kitchens [227] 2018 GoPro Head RGB 149 32 432 11.5M

THU-READ [221] 2018 Primesense Carmine Head RGB-D 40 8 1920 343K

EGTEA Gaze+ [242] 2018 SMI Wearable Eye-Tracker Head RGB 106 32 86 2.4M

EgoDaily [243] 2019 GoPro Hero5 – RGB 5 10 50 50K

KBH [244] 2019 HTC Vive Head RGB – 50 161 12.5K

Table 8: Summary of representative egocentric action recognition datasets.

explored [222, 223]. Egocentric gaze estimation is studied by many researchers. For example, Li et

al. [224] explored egocentric gaze estimation using hand and head cues. Zhang et al. [225] estimated

gaze from predicted future frames to predict the future gaze. Huang et al. [226] predicted the tran-

sition of attention for egocentric gaze estimation. Egocentric action recognition has been subject

to many recent research works. For example, Damen et al. [227] established a large-scale egocen-

tric benchmark for the kitchen activities to accelerate the egocentric action recognition researches.

Huang et al. [228] proposed temporal action proposals for localizing the actions in egocentric videos.

Possas et al. [229] proposed a reinforcement learning framework to minimize the energy consump-

tion of wearable sensors for egocentric HAR. Fathi et al. [230] presented a hierarchical inference

network for exploring the consistent relationships of hand, object, and action. Recently, a few works

have utilized attention for egocentric video-based HAR. For example, Singh et al. [231] added Ego-

ConvNet to the two-stream network [88] for egocentric HAR using head motion, hand masks, and

saliency maps. Sudhakaran et al. [232, 233] proposed long short-term attention (LSTA), which

consists of LSTM models with soft attention, for egocentric video-based HAR. Li et al. [234] pre-

sented a joint model for gaze and action utilizing attention for egocentric HAR. They generated an

attention map for hand object interaction with the help of gaze information.

3.4.2. Future Activity Prediction

Anticipating actions, before they are executed using intelligent systems, has drawn increasing

research attention [245, 246]. It has a wide range of practical real-world applications including

robotics and autonomous driving [247, 248]. De et al. [249] proposed an approach to anticipate
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pedestrians crossing the road for autonomous vehicles. Soran et al. [250] notified a user who is

performing wrong actions, even before it starts, in a known workflow. Predicting the near fu-

ture [251, 252, 253] and anticipating an action before its performed [254, 255, 256] are recently

being explored by many researchers. Gammulle et al. [257] proposed an action anticipation model

using visual and temporal data to predict the future behavior along with frame-wise future repre-

sentations. The anticipation of actions in egocentric videos involves understanding that in the near

future which objects the camera wearer will interact with, and which action he will perform [258].

For egocentric action anticipation, Furnari and Farinella [248] combined two LSTMs with at-

tention. Bertasius et al. [259] proposed a model consisting of a future CNN and a goal verifier

network, to generate the basketball motion sequence from a single egocentric image. Rhinehart and

Kitani [260] explored the first-person trajectory forecasting and activity prediction using online and

inverse reinforcement learning methods. Shen et al. [261] modeled gaze event towards objects for

future egocentric action prediction. RULSTM [248] utilized two LSTMs, one for summarizing the

past and another one for predicting the future, for egocentric action anticipation. Similarly, Miech

et al. [247] combined past visual inputs and past action recognition results to directly anticipate the

future action. Sener et al. [262] proposed a multi-scale temporal aggregation network by relating

recent to long-range observations for egocentric action anticipation. Abu et al. [263] studied the

problem of anticipating a sequence of activities within a time horizon of five minutes, in contrast

to other works that anticipate the next action within several seconds. Ego-OMG [264] proposed to

structure the long video clips into a discrete set of states, where each state represents the objects

presently in contact or anticipated to soon be in contact.

Due to future uncertainty, there might be many possible future actions for a given past obser-

vation. Future uncertainty (alternative future) plays an important role in the action anticipation

task. Furnari et al. [255] studied how to explicitly incorporate the uncertainty in the loss functions.

Canuto et al. [265] proposed to minimize the model uncertainty instead of maximizing its class

probabilities, which could be used as the online decision-making criterion for action anticipation.

In [266], both an action model and a length model are trained to capture the uncertainty of future

activities.
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3.5. Challenges and Future Directions

There is a trend towards the design of wearables like a shirt or other computerized clothes made

with washable all-fabric keyboard composed of conductive thread. The main challenges include

low power consumption, user acceptance, and interference with wireless systems. Wearable-based

HAR systems are achieving considerable commercial success. Most of the technology companies

like Apple, Samsung, and Microsoft have their own products along with specialized manufacturers

like Fitbit and Garmin. Smartwatch and fitness band products saw quick adoption due to their

ability to replace regular watches and provide notifications along with activity monitoring. These

wearables have been particularly successful due to their unobtrusiveness. But several of the methods

discussed here use multiple sensors placed at various locations of the user’s body and can be

very obtrusive to the natural movement of the user. The development of compact sensors and

ergonomic placement of sensors can be the areas of future study. Another challenge that is common

with mobile-based systems is the lack of computational power to run complex pattern detection

algorithms on wearables. The power efficiency issue is also a challenge because for successful user

adoption a wearable should have a reasonable battery life while performing HAR. Improvements

in battery technology and more efficient algorithms and processors can benefit wearables greatly.

Further, the position of the device on the user’s body can vary the sensor inputs, especially in the

case of devices like mobile phones. In future works, systems can be designed to be robust to sensor

placement.

4. Multimodal HAR

This section presents the multimodal HAR approaches using the combination of vision and

wearable inertial sensors. This is five-fold. First, the overview of multimodal HAR is presented.

Second, different fusion methods are described. Third, the related works using the depth and inertial

sensors, RGB camera and inertial sensors, and multiple wearable inertial sensors are presented.

Forth, deep learning based recent works are described. Finally, in the fifth subsection, challenges

and future directions are presented.

4.1. Overview

In literature, there are mainly three categories for HAR based on sensing resources, i.e. 1. using

wearable sensors, 2. using external static infrastructure-based sensors, and 3. using the combination
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Figure 11: Stages of HAR system using multimodal dataset.

of wearable and external sensors [267, 13]. Video cameras or images are good for HAR in fixed

setting areas; however, it has multiple challenges such as background clutter, partial occlusion,

changes in scale, viewpoint, lighting, appearance, etc. [9, 13, 268]. Involving multiple sensors for

the HAR includes various stages (Figure 11). General HAR stages could be as follows:

Data Synchronization and Preprocessing: Accurate synchronization of time is mandatory for

fusing the sensors’ data from different modalities. Many time synchronization approaches were

proposed in different literature, for example, [28] correlated closest depth frame and inertial sample,

based on system’s timestamp while [269] recorded UNIX operating system’s timestamp values for

synchronizing data from Kinect sensor, video cameras, accelerometer, and Mocap. However, in these

methods, there are possibilities of propagation delay [270]. In [271], a more reliable synchronization

approach was presented, based on the estimation of total delays between the PC and the video

camera, which is further used for fall detection using the combination of depth and wearable inertial

sensors [272]. Preprocessing of the multimodal sensor data is also another important and challenging

task after temporal synchronization of the data. As an example, [28] reduced jitters in the raw data

obtained from sensors, which included the position of skeleton joints from depth sensor and angular

velocity and accelerations from inertial sensors by using a moving average window.

Action Segmentation (detection of action starts and end): Several vision-based (e.g., [273, 274])

or inertial sensors-based (e.g., [275, 177, 276]) action segmentation approaches were developed.

While using the combination of depth and inertial sensors with fusion framework, the fused data

can be used collaboratively for improvement in action segmentation [13, 9].

Feature Extraction: Various feature extraction techniques, ranging from raw sensor data to high

feature descriptors are studied in the literature for depth and inertial sensors. For example, [277]
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Figure 12: Block diagram of different fusion strategies [61]. The left, middle, and right blocks correspond to late
fusion, early fusion, and slow fusion, respectively.

proposed gesture recognition framework by fusing data from Kinect and inertial sensors. While [28]

and [278] utilized raw data from Kinect and inertial sensors for hand gesture recognition, which

had no computational burden for feature extraction. However, only raw sensor data is not enough

for differentiating between different activities [13].

Classification and Fusion Approach: After feature extraction, the next step is classification, for

which many works of literature have used classical machine learning algorithms such as SVMs [279]

and HMMs [280] for HAR [28, 278]. There are various approaches for fusing information from

different modality sensors, generally, the most common approaches are data level, feature level, and

decision level fusion [281]. The data-level fusion occurs when the raw data from different sensors are

combined, feature-level fusion occurs by fusing features after they are extracted from the raw data,

and decision-level fusion occurs by fusing decisions obtained from classifiers or decision-makers.

4.2. Multimodal Fusion Methods

Fusing the information acquired by different modality sensors is a great challenge due to the

dimensionality of data. For a multimodal HAR system, the data acquired can be fused at different

stages. A graphical representation of the different fusion approach is shown in Figure 12.

Early Fusion, or Fusion at the Feature Level: In the early fusion method, the features of dif-

ferent modality sensors are combined by reducing dimensionality and creating new feature vectors.

Evangelopoulos et al. [282] fused textual and visual signals, and analyzed each modality separately,

and used saliency scores for linear and non-linear fusion. Neverova et al. [283] fused all channels
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into one dimension in the first convolution layer, thus the number of final parameters to be learned

became relatively small, requiring less computation time.

Late Fusion or Fusion at the Decision Level: In contrast to the early fusion method, this

approach splits the data of each modality sensors, learns the parameters of each modality separately,

and combines their probabilistic models. Finally, all scores are combined to get the final score [284].

This allows using the strength of each modality, which may lead to better recognition results.

However, this approach consumes more time and demands a sophisticated learning scheme, which

may cause a potential loss of inter-modality correlation. A comparison of CNN-based sensor fusion

techniques for multimodal HAR was reported by [10], where they investigated four approaches for

fusing multimodal data. They tested these fusion methods on RBK [10] and PAMAP2 [285] datasets

and showed that late and hybrid fusion approaches perform better than early fusion methods.

Slow Fusion: Slow fusion approach was firstly proposed by Karpathy et al. [61], for the fusion

of the multimodal sensor data. It is a hierarchical technique that is a combination of both previous

methods and takes advantage of both approaches. This approach fused the information slowly

passing the information successively through early and late fusion levels. However, this approach

has a high computation cost because of processing the information at different levels.

4.3. Related Works

4.3.1. Fusion of Depth and Inertial Sensors

A few works proposed simultaneous utilization of both depth and inertial sensors for HAR as

shown in Table 9. Hondori et al. [286] utilized Kinect and inertial sensors for gesture recognition,

where Kinect was used for capturing the position and angular displacements, and inertial sensors

were used for analyzing acceleration values. However, the fusion algorithm was not explained in

detail, and it is for intake gesture instead of HAR. Kwolek et al. [287] used a fuzzy interface approach

for fall detection using Kinect and inertial sensors. However, they only detected fall, and there is

no differentiation between other activities. Delachaux et al. [288] used Kinect and five three-axis

accelerometers, where accelerometer provided acceleration data and Kinect was used for position

data. Data from both sensors were merged and classified using binary neural networks. In [28],

a hand gesture recognition method was proposed using Kinect and an inertial sensor with HMM

classification. However, the sensor data was directly provided to the classifier without feature

extraction and only feature level fusion is used.
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Ref.
Sensing-
Modality

Learning Method Application Dataset Classes Sensors Subjects Results

[289]
Kinect, Pressure
Sensor in shoes,
and gyroscopes

Multiple adap-
tive regression
trees (MART)
algorithm

Gait analysis Self-collected 6 4 23

Compared based on the
stride duration predic-
tion during the experi-
ment

[288]

Wearable inertial
sensors attached
on wrist, ankle
and back and
Kinect sensor

Multiple MLP
and KNN

Daily activity
recognition

Self-collected 11 6 NA Accuracy 81.0%

[28]
Kinect and in-
ertial sensors on
wrist

Hidden Markov
Model, Dynamic
Time Warping

Hand Gesture
Recognition

Self-collected 6 3 NA HMM: 93%, DTW: 80%

[26]
Depth, Skeletal,
and Inertial Sen-
sors

SVM, SRC, CRC,
KNN, HMM, and
Dempster Theory;
Decision and Fea-
ture level fusion

Daily activity
recognition

Berkley
MHAD dat-
set

11 8 12

Kinect > 63.81%, Both
Accelerometer > 86%,
Feature Level Fusion:
99.13%, Decision level
fusion: 98.87%

[290]
Depth, Skeletal,
and Inertial Sen-
sors

CRC, decision
level fusion

Activity recog-
nition

Self-collected
and made
publicaly
available

10 3 6

93.7% accuracy for the
subject-generic test
with the combination
of depth, skeleton and
inertial sensors

[291]
RGB-D and Iner-
tial Sensors

Times up and Go
Fall detection
and Fall risk
estimation

Self-collected 8 31
Up-to 99% accuracy us-
ing all sensors

[27]
Kinect and iner-
tial sensors

Decision level fu-
sion using CRC

Daily activity
recognition

UTD-MHAD 27 2 8 97% accuracy

[136]
Depth, Skeleton
and inertial sen-
sors

3 layered LSTM
Daily activity
recognition

UTD-MHAD 27 2 8

Maximum accuracy
obtained 95.31% using
0.005 decay and 100
hidden layers

[14]
2 Cameras and 6
IMUs

Convolutional
Pose Machines
without optical
features

Motion capture
analysis

Self-collectd
and Total
Capture
Dataset

8 5
97% accuracy using 6
inertial sensors

[292]
Kinect and Iner-
tial sensors

Artificial neural
networks and de-
cision level fusion
using Logarithmic
Opinion Pooling

Daily activity
recognition

UTD–MHAD 27 3 8
95% accuracy using 8
fold cross validation

[293]
Kinect and in-
ertial sensor on
wrist

Support vector
data description,
and CRC for
decision level
fusion

Smart TV
Gestures and
action recogni-
tion

Self-collected
and tested on
UTD-MHAD

5 2 12
86.3% accuracy on the
UTD-MHAD dataset

[294]

Kinect on Robot
and Wearable in-
ertial sensor on
user’s hand and
fingers

SVM, RF, and
Decision level
fusion

Robot identi-
fying human
daily activities

Self-collected 10 NA 20
77% accuracy with self-
localization of human in
real time environment

[295]

Video and Ac-
celerometer
sensors in smart-
phone

WPID similarity
score

Walking per-
son identifica-
tion

Self-collected NA 2
NA,
offline

76% Accuracy, Yolo
model for identifying
human in videos

Table 9: Human activity recognition using the combination of vision and inertial sensors.

Chen et al. [290] fused the depth, skeleton, and inertial sensors data for HAR using three col-

laborative representation classifiers. They tested the system with their own collected datasets for

6 subjects for 10 actions and found out that the combination of these leads to better performance

compared to individual uses. Both feature and decision level fusion was used by [26], with the

combination of Kinect depth sensor and inertial sensors, on Berkeley MHAD [269] dataset using

collaborative representation classification. Feature level fusion merged the features before the clas-

sification, while decision level fusion used Dempster–Shafer theory for merging the decisions from

different classifiers. Their results showed 2 to 23% improvement in the accuracy with the combina-

tion of depth and inertial sensors in comparison to the situations where they are used individually.

In [287], a fall detection system was proposed with the information obtained from the ac-
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celerometer, gyroscope, and Kinect sensor using the fuzzy interface, and the same could be used for

enhanced human activity classification [26]. A fall detection and prevention system was proposed

using the Kinect and wearable inertial sensors [271]. Cippitelli et al. [291] proposed a fall detection

and fall risk estimation system, which was an extension of previous work [296] for fall detection,

using two inertial sensors and one Kinect depth sensor based on the TUG test. They placed the

Kinect sensor at a 1.5-meter height from the floor, one inertial sensor at the waist, and another

on the right wrist, to simulate a smartwatch. For multimodal HAR using a combination of vision

and wearable sensors, the publicly available datasets are very limited [137, 269, 297]. The freely

available UTD-MHAD [137] dataset consists of 4 temporally synchronized data modalities including

RGB videos, depth videos, skeleton positions, and inertial sensor signals. This dataset was collected

by 8 subjects, using a Kinect depth sensor camera and a wearable inertial sensor consisting of an

accelerometer and rotations sensors, for a comprehensive set of 27 human activities [137].

4.3.2. Fusion of Normal RGB Camera and Inertial Sensors

The combination of video cameras and inertial sensors improves the recognition performance

compared to one or the other [298]. Inertial sensors are generally used for orientation and accel-

eration information for the body segments, while videos are used for positional information [299].

Marcard et al. [300] combined multi-view video camera and IMUs for motion capture, where videos

were used for drift-free body position and IMUs for 3D limb orientation. To overcome the draw-

backs of each sensor, a hybrid tracker was proposed, which combined the video sequences with a

small number of inertial sensor units. However, they compared consistency with silhouettes and

IMU measurement, but did not compare it against commercial reference-quality motion capture

and also did not specify processing time. Malleson et al. [14] proposed an optimization-based ap-

proach using the camera and inertial sensors to estimate full-body pose without optical markers

or any complex hardware. In this approach, Xsens inertial sensors were attached to the body for

measuring orientation and acceleration, and multiple video cameras were synchronized for position

constraints from 2D joint detectors [51]. Trumble et al. [301] used 4 video cameras in combination

with inertial sensors for HAR with visual hull estimation, by using LSTM networks for reducing

noise with temporal information.
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Figure 13: Multimodal system for recognizing the activities of daily living [267].

4.3.3. Fusion of Multiple Wearable Sensors

Some literatures have combined various wearable-based sensors for HAR as shown in Table 10.

Fusing multiple sensors tends to increase the recognition results as the chances of getting com-

plementary features increases (Figure 13). Wilson et al. [302] used multiple binary sensors such

as contact switches, motion detectors, break-beam sensors, and pressure-sensitive mats to develop

a higher accuracy system for activity recognition, which outperformed single-sensor systems, em-

ploying a higher sampling rate [181]. Chetty et al. [173] presented a data analytic scheme for HAR

using wireless body sensors and smartphone inertial sensors, using feature ranking algorithms based

on information theory and ensemble learning, random forests, and lazy learning-based classifiers.

They also used multimodal data from a gyroscope and accelerometer from a smartphone, applying

it to eHealth scenarios for the disabled, elderly, and people with special needs. Chahuara et al. [2]

developed an online activity recognition system using audio and home automation sensors as a part

of Sweet-Home project [303], to enable voice commands in smart homes. They tested using three

sequential models i.e. HMM, Conditional Random Fields (CRF), and a sequential Markov Logic

Network (MLN), in two real smart homes with 30 participants and have compared with three non-

sequential models i.e. SVM, Random Forest, and a non-sequential MLN. It was found that CRF

gave the best results. The main issue with these approaches is the higher level of obtrusiveness for

the subject, especially for longer periods of time [271].

Some of the works like Hayashi et al. [306], where accelerometer and acoustic sensors were

combined using different modalities for HAR. Another example, Vepakomma et al. [307] proposed a
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Ref.
Sensing-
Modality

Learning
Method

Application Dataset Classes Sensors Subjects Results

[267]
Hybrid, Multi-
locations, Wear-
able sensors

CRF
Fine-grained
daily activity
recognition

Self-collected 19 7 1

For overall activities:
Mean Accuracy-80.48%,
and Median Accuracy-
82.14%

[204]
Smartphone and
Smartwatches

SVM
Daily Activity
recognition

Self-collected 14 6 13
95.3% average recogni-
tion accuracy

[202]

Microsoft wrist
band sensing
and smartphone
(acceleration and
gyroscopes)

RF, Näıve
Bayes, Deci-
sion Trees,
SVM, and
KNN

Detect players
activities in
Basketball
game

Self-collected
for collabora-
tive classifica-
tion

3 2 2

Accuracy detecting the
shooting attempts of
both players are of pre-
cision 91.34%, recall
94.31%

[203]
Smartphone and
smartwatches
(acceleration)

SVM, DT,
Näıve Bayes,
KNN, and
Discrimination
Analysis

Fitness and
daily activity
recognition

Self-collected 8 2 16
Overall accuracy lies
between 84.6% and
89.4%

[2]
Audio and home
automation sen-
sors

HMM, CRF,
SVM, RF, and
MLN

Daily activity
recognition for
smart-home

Self-collected
and made pub-
lic as a part
of Sweet Home
Project

7
>
150

> 30

HMM-72.45%, 67.11%;
CRF-83.57%, 69.29%;
MLN-78.11%, 65.82%;
on SH and HIS corpus
datasets respectively,
with unknown classes.

[10]

Accelerometer,
gyroscope, and
Heart-Rate
sensors fusion

CNN and Ran-
dom Forest,
and Pres-
sure specific
normalization

Daily activity
recognition

RBK and
PAMAP2
Datasets

7 6 31

Increases the F1-score
by 4.5 percentage
points (pp) on the RBK
dataset

[304]

Accelerometer,
gyroscope, tem-
preture, atomic
pressure, hu-
midity, GPS,
and Bluetooth
beacons

CRF
Daily activity
recognition

Self-collected 21 9
10
(real-
time)

All Sensors accuracy
95%, 10 fold cross val-
idation accuracy 92%,
Leave-one-out accuracy
75%

[142]

IMUs, ambient
infrared sensors,
and electroen-
cephalogram
Helmet

LDA, CART,
NB, SVM,
RF, KNN, and
ANN

Daily activity
recognition
and Fall De-
tection

Data collected
and made pub-
lic

11 9 4
Accuracy between 64%
- 66%

[305]

inertial sensor,
Eye-tracking
glass, and Myo
armband sensors

Zero-shot
learning, and
deep neural
networks

Putting the
bag on the
table, Opening
a lid of the
bottle, Tight-
ening a screw,
and Others

Self-collected 4

2 de-
vices
and 5
Sen-
sors

12

Using zero-shot learn-
ing system achieves
Precision of 77% and
recall rate of 82%

Table 10: Human activity recognition using multiple wearable sensors.

system called A-Wristocracy, which used all three modalities i.e., body-worn, object, and ambient

sensors to perform multi-person fine-grained HAR in a smart home.

4.4. Multimodal HAR using Deep Learning

Generally, conventional machine learning approaches like decision trees or SVMs are used for

human activity classifications in coalition with template matching, or feature extraction from time

and frequency domains [10]. The recent advances in computing technologies and the development of

Graphical Processing Units (GPUs) have accelerated the use of deep learning. Deep learning based

approaches are getting popularity in various domains of machine learning. Deep learning-based algo-

rithms are getting popular for activity recognition using multimodal sensors [308, 309, 310, 311, 312].

However, a direct transfer of these algorithms is not possible because of domain-specific challenges

such as handling the multimodal data, and the lack of a large amount of labeled dataset [313].

Munzner et al. [10] have addressed 3 key aspects of deep learning methods for activity recognition
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i.e. 1. Data specific normalization, 2. An optimal fusion of multimodal sensors, 3. Robustness of

approaches with respect to the available data. They used sensor-specific normalization technique

with CNN classifier on RBK [10] and PAMAP2 [285] multimodal dataset. They have shown im-

provements in F1 score using pressure-specific normalization ( 4.5%) and further improvement using

late and hybrid fusion ( 3.5%) on RBK [10] dataset. Most deep learning algorithms used for HAR

are CNNs, RNNs, RBMs, and AEs [314]. Actigraphy-measurement based sleep behavior (good and

poor sleep) during the awake time was predicted by [174], using deep learning on 92 adolescents for

one week. They showed that the CNNs obtained the highest specificity and sensitivity, with 46%

better accuracy compared to logistic regression.

CNNs are one of the most popular algorithms for automatic feature extraction from images

and speeches as they are good for capturing the local relationship in the data and are distortion-

invariant [299, 315, 316]. In [317], a CNN-based HAR method was proposed and compared on three

publicly available datasets. In [318], an elderly and childcare surveillance system for actions like fall

and baby-care was proposed using a three-stream CNN, which notified the family members in case

of emergency. A similar CNN architecture was also used by [319] for recognizing human activities.

Choi et al. [320] used RBMs for HAR using smart-watches and home activity datasets. However,

efficiency is often a concern for low-power devices using deep architectures. To standardize and

reduce variations due to the placement and orientation of sensors, Ravi et al. [321] proposed data

processing techniques.

Many researchers used deep learning-based methods for multimodal HAR [322, 191, 323, 317,

324, 293, 325, 326, 327, 328, 329, 330]. Zeng et al. [317] examined the basic parameters of CNNs

like max-pooling, weight decay, or dropout and scored 88.19% accuracy, which was better than

the best traditional machine learning algorithm by 4.41% on the Skoda [331] dataset. According

to [322], CNNs are better for periodic activities such as walking and running, whereas RNNs are

better for short activities such as gestures. Ordóñez et al. [191] have combined CNNs and RNNs

for Skoda [331] and Opportunity [194] datasets, and for further improvements, they have used

transfer learning between different recognition domains, sensor positions, and modalities [323], and

reduced the training time by 17%. Jiang et al. [332] have used Deep CNN for activity recogni-

tion on three publicly available datasets with performance better than state-of-the-art in terms of

recognition accuracy and computational cost. However, training a deep learning model needs a

massive amount of labeled data which is difficult to achieve in the healthcare domain. Additionally,
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getting optimal values for network parameters is a laborious task, also deep learning models may

suffer from overfitting issues, therefore more robust learning strategies are required to address these

challenges [299].

4.5. Challenges and Future Directions using Multimodal Approach

Multimodal systems for HAR leverage the benefits of various techniques like vision and wear-

ables, while canceling out their limitations. This approach looks promising for the future of HAR

but is challenged by synchronization and high dimensional data processing issues. Merging the

data from various modalities increases dimensionality, making the data hard to process. Multi-

modal fusion methods are an active area of research that is expected to be a major focus in the

upcoming years. The multimodal systems also face some of the same challenges as the single sensor

systems i.e. processing on portable devices, need for specialized sensor and obtrusiveness of certain

wearables. These can be resolved with advances in wearable and vision-based systems as well as

the processing hardware. Some possible research directions for addressing the challenges associated

with multimodal sensor data are as follows.

Developing View-Invariant Features: In the real-time environment, it is possible that a subject

may perform the activity at an arbitrary orientation from the camera. So, it is important to

develop some view-invariant methods for recognizing human activity from the depth and RGB

video cameras. As wearable inertial sensors can provide view-invariant features, in the future, they

could be fused with vision-based sensors to get accurate results in a realistic environment.

Developing Intelligent Fusion Approaches: In real-life situations, vision-based apprintnull2oaches

may face challenges with occlusion, while wearable-based systems may have problems with loss of

sensor signals or noisy data, so the combination of different modalities may resolve their limitations

and can provide better solutions. As wearable inertial sensor-based systems use different sensors

on the human body, so it could be obtrusive to the user so one future research direction could be

the utilization of vision and footwear-based systems for recognizing human activity and also for

healthcare-related applications.

Examining Human-Object Interaction: In practice, most human activities involve interaction

with objects around them. Presently many solutions for human-object interactions are using only

vision-based approaches or attaching sensors to the objects. One possible research direction could

be using the fusion of vision and wearable-based systems for human-object interactions.
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5. Conclusion

In this review article, we presented different modality sensors including vision, wearable inertial

sensors, and their combinations for HAR. All three sensors (i.e. vision, shoes, and other wearable

sensors) are of low-cost and easily available. However, fusing the information obtained from the

different modalities of sensors is a challenging task for human activity classification which should

be resolved. Based on this extensive literature survey, some of the potential research gaps can be

as follows:

• Activity Recognition using Traditional RGB Camera: In the real-time environment, it is

possible that a subject may perform the activity at an arbitrary orientation from the camera.

So, it is important to develop some view-invariant methods for recognizing human activity

from the depth or RGB video cameras. Most of the works have used depth sensor-based

cameras for daily activities and fall detection. However, depth sensors are not used in general

homes so using the normal traditional RGB camera for these applications would be more

useful to the user. With the recent advancements in deep learning based methods, activity

recognition using a traditional RGB camera is possible.

• Developing Intelligent Fusion Approaches: In real-life situations, vision-based approaches

may face challenges with occlusion, while wearable-based systems may have problems with

loss of sensor signals or noisy data, so the combination of different modalities may resolve

their limitations and can provide better solutions. The utilization of vision and wearable

sensors for recognizing human activity can solve some limitations and also can be used for

healthcare applications. Additionally, the fusion of vision and wearable sensors may provide

view-invariant features, which will be more useful in a realistic environment.

• Footwear-Based Activity Recognition: Footwear-based systems provide an unobtrusive solu-

tion for activity recognition and can be used for activity recognition as well as fall detection

applications. One possible research direction to explore could be using the fusion of footwear-

based sensors and vision sensors for human activity recognition and fall detection.

• Multi-Person Activity Recognition: Most of the works in literature have concentrated on

single-person activity recognition while in realistic scenarios multiple people may exist. One
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possible research direction is to explore multiple-person activities and to identify each indi-

vidual’s activity. The fusion of vision and wearable sensors also can be explored for multiple

people’s activity recognition.

• Examining Human-Object Interaction: In practice, most human activities involve interaction

with objects around them. Presently many solutions for human-object interactions are us-

ing only vision-based approaches or attaching sensors to the objects. One possible research

direction could be using the fusion of vision and wearable-based systems for human-object

interactions.
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