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Abstract

The widespread Internetof Things (10T) technologies in day life indoor environments result in anenormous
amount of daily generated data, which require reliable data analysis techniques to enable efficient
exploitation of this data. The recent developments in deep learning (DL) have facilitated the processing and
learning from the massive 0T data and learn essential features swiftly and professionally for a variety of
loT applications on smart indoor environments. This study surveys the recent literature on exploiting DL
for different indoor 10T applications. We aim to give insights into how the DL approaches can be employed
from various viewpoints to develop improved Indoor loT applications in two distinct domains: indoor
positioning/tracking and activity recognition. A primary target is to effortlessly amalgamate the two
disciplines of 10T and DL, resultant in a broad range of innovative strategies in indoor loT applications,
such as health monitoring, smart home control, robotics, etc. Further, we have derived a thematic taxonomy
from the comparative analysis of technical studies of the three beforementioned domains. Eventually, we
proposed and discussed a set of matters, challenges, and some new directions in incorporating DL to
improve the efficiency of indoor 10T applications, encouraging and stimulating additional advances in this
auspicious research area.

Keywords: Deep learning; Internet of Things; Smart Indoor Environments, Activity Recognition,
Indoor Positioning and Tracking.

l. INTRODUCTION

The continuous increase of population resided in urban areas where everyone has a busy, stressful day life
that makes everyone looking forward to some comfortability and effortless life in their home and with the
matter of fact that most of the people spend around 80% of their time indoors imposes many challenges on
enhancing the day life quality of urban citizens. The idea of developing a smartbuilding system is to exploit
smart appliances to enhance the superiority of life quality of citizens in the indoor environment [1].
Accordingly, we have multiple smart home applications to improve residents' indoor life, such as
controlling indoor appliances remotely, indoor fire detection, gas leakage, saving electricity, elderly
monitoring, kids care, and gesture control [2]. These varieties of applications collectively provide use with
a smart indoor system that is helpful in everyday life activities in terms of reducing human workload and
revealing fears about home issues or nasty situations. In recenttimes, and broad proliferation and prominent
improvements in sensing methods, Internet of Things (l1oT) technologies, and communication techniques
have brought us with a diverse set of data about the human especially in indoor environments. This large
diversity in data can be collected, cleaned, and analyzed to offer a wide range of indoor services or
applications to assist the living of human beings [3].

The development of intelligent 10T applications increases the feasibility of designing a smart system to
improve the quality of human lives in an indoor environment. To the end, it is commonly accepted - with
minor variations with other work- that the idea of analyzing smart indoor data can be summarized in the
five-step workflow as shown in Fig.1: problem formulation, data collection, data preprocessing, data



Problem formulation ldentify probiem
: specilication

= Acquiring data from

Data Collestion smart devices sensors
] and WIFI

L :
data preparation,

Data Preprocessing filtering and scaling
v
Data classification,
Data analysis prediction or clustering
{deep learning)

deployment in an
Production Indoor envIrenmeEns

Fig.1.Theworkflow of human-centric 10T applications in indoor mart environments

analysis, service provision [4]. Firstly, in the problem formulation step, we specify the problem and
different aspects to consider. Secondly, the data collection step is responsible for gathering and acquiring
various smart indoor data from different devices and 10T sources. Thirdly, in the data preprocessing step,
the acquired data is prepared in different ways (e.g., data filtering, segmentation, and scaling) to improve
the quality of data for subsequent- steps, as 10T data, often encompasses missing values, noise, uncertainty.
Fourthly, the data analysis steps include using mathematical, machine learning (ML), or deep learning (DL)
techniques to carry out complex analysis for learning and extracting higher-order patterns and features from
previously preprocessed to provide beneficial insights suitable to a diverse set of smart indoor applications.
(e.g., elderly monitoring, smoke detection and predicting human fall). Fifthly, the production step is to
deploy the output of analysis (DL model) into smart services and applications as a solution for the problem
specified in the first layer.

Concerning the steps mentioned above, data analysis is the most significant and vital as it is responsible for
processing the data to obtain informative knowledge necessarytomake the final decision in any 10T systems
[5]. Whereas conventional techniques generally integrate specialized knowledge with ML models (e.qg.,
linear regression, Nawe Bayes, and Decision tree) to perform clustering, classification, or prediction using
human-related 10T data. However, the performance of ML models gets declined with high dimensional,
heterogeneous, and large-scale data amount, which is often available in indoor scenarios. More, the ML
algorithms often require robust feature engineering techniques (automatic or handcrafted) and the
performance of algorithms heavily hangs on the efficiency of these techniques.

Recently, deep learning (DL) has been demonstrated as an efficient solution for the limitations of ML
approaches and showed excellent performance in different research areas such as natural language
processing (NLP), computer vision (CV), speech recognition, and time-series analysis [6],[7]. The primary
advantages of DL that lead to this success include 1) DL incorporates deeper neural network architectures
capable of extracting sophisticated hidden patterns from the enormous real-time raw data in various 10T
devices compared to machine learning shallow models. 2) DL data processing capability is controlled
mainly by the depth and the type of learning models. 3) DL can learn effective features from complex raw
data without the participation of the inefficient handcrafted feature specification. Motivated by this, the
research community decided to take advantage of DL models and the associated powerful learning
capabilities to develop more efficient and effective approaches for different human-centered Indoor l1oT
applications, i.e., indoor localization [8], fall detection [9], Activity monitoring [10], energy control [11],
and robotic control [14]. Therefore, this study emphasizes studying the contribution of a different kind of
DL to improving the efficiency of 10T applications, focusing on indoor located ones.



The indoor 10T applications can be categorized according to device dependency into two main groups:
device-based (device-dependent) and device-free (device-independent) applications. DL model input data
obtained from a physical device directly connected to the human beings in device-dependent systems. The
device-dependent indoor applications can be divided into two classes based on the sensing modality,
particularly vision-based and sensor-based. Vision-based approaches are extensively exploited DL
capabilities to analyze images and videos captured by a camera in smart indoors for varieties of indoor
applications. Yet, these approaches still suffer from some obstacles regarding illumination, power
consumption, and computational complexity. By contrast, Sensor-based approaches are more powerful in
an irregular environment and can facilitate developing a portable system. Meanwhile, the data can be
aggregated from a wearable sensor (e.g., data glove), smartphone sensor (accelerometer, gyroscope, and
magnetometer), or temperature sensors [12]. However, the requirement of firm attachment and accurate
placement make these approaches more incompatible with the nature of indoor life asthe devices/sensors
might be damaged, lost, misplaced or necessitate regular battery recharges/changes. On the other hand,
device-independent applications overcome privacy and intrusive issues as they primarily depend on
sensing components situated in the indoor environments, which can act as the fundamental data source for
developing human/robot-centered applications without necessitating direct contact or attachment to a
particular sensor or device. Unlike previous surveys that only focus on one of the before mentioned
categories of 10T applications, this study considers surveying the DL studies for both device-dependent and
device-independent scenarios [5], [13].

A Study Contribution

To sum up, this study contributes by providing a comprehensive view of the role of DL methods in indoor
loT applications according to the following points:

— This study presents a thorough overview and categorization of the latest improvements in deep
learning methods for human-centered IoT applications in Indoor smart environments. Firstly, we
categorize the current studies based on the device dependency (sensing technique). Secondly, the DL
models are essentially categorized and contrasted according to the underlying learning strategy.
Finally, we provide a taxonomy for categorizing the recent literature from an application domain
perspective.

— This study also a tabular review of the publicly available datasets/benchmarks, including vision-based
data, sensor-based, radiofrequency and others. The main target is to inform the researchers about the
available data that could be readily exploited in evaluating and experimenting with their newly
developed DL approaches for human-centered indoor 10T applications.

— We review and analyze DL approaches for different human-centered indoor applications by providing
a tabular one-to-one comparison. The methods were compared in terms of the proposed DL model,
accuracy, application, system configuration, and data employed.

—  This study deliberates the contemporary shortcomings, challenges, and chances for future research of
DL techniques for improving the efficiency and effectiveness of human-centered loT applications
aiming to improve the quality of life of humans in an indoor environment.

B. Study Organization

We can summarize the structure of our paper as follows. In Section I, we discuss some related work; In
Section 11, we provide a background overview for DL models. In Section 1V, we compare recent DL
models for smart indoor applications in three different domains. In Section IV, we point out some
observations and findings. In Section VI, we discuss challenging issues and future directions. Finally, in
Section V11, we provide a conclusion for our study.



1. RELATED SURVEYS

This section discusses the recent survey of indoor 10T applications, including the device-dependent and the
device-independent application.

A. Surveys on Device-Dependent Approaches

The multiplicity of device-dependent approaches has been developed for different kinds of 10T applications,
especially those based on camera data or sensory data. In this regard, Li et al. [14] presented a
comprehensive overview of the computational techniques of multi-individual activity recognition and the
relevant applications in a smart 10T environment. They primarily discuss the analysis and fusion of sensory
data (vision or sensors) and give some insights into the challenges and opportunities for collective activity
recognition. Abuhamad et al. [15] Reviewed around 140 studies of constant human authentication
techniques by classifying them into six interactive and physical biometrics classes including, gesture, gait,
voice, motion, keystroke dynamics, and multimodal. They also compare the relevant studies based on the
sensors, modality, algorithm, and user data. The authors also discuss the intuitions and challenges of the
current biometric methods that can be addressed in future work. Dang et al. [12] surveyed and analyzed
studies for human AR methods and indicates the corresponding merits and demerits, where the AR methods
are divided into two categories i.e., sensor-based and vision-based methods which are compared based on
the data aggregation, preprocessing methods, feature extraction, and the training procedures. The authors
also treat the human activities at different levels of human-object (HO) interactions, human-human (H-H)
interactions, grouping activities, gestures, and actions. Guo et al. [16] argued the fusion-based localization
systems and methods from different sources of various networking frameworks, including Homogeneous
systems, Heterogeneous systems, and Hybrid systems. However, the device-dependent approaches are
obtrusive and not user-friendly as it necessitates the human and device to be attached or located in the same
place. They are greatly affected by environmental obstacles.

B. Surveys on Device-Independent Approaches

In an attempt to address the beforementioned limitations of device-dependent approaches, device-
independent sensing technologies emerged to enable the design of indoor 10T applications without reliance
on attached devices or monitoring cameras. Hussain et al. [13] reviewed the device-free approaches for
recognizing different categories of indoor human activities, including action-based activities, motion-based
activities, and interaction-based activities. They also provided a taxonomy for this activity recognition task
into ten different subcategories. Zhu et al. [17] surveyed the ML and intelligent methods for indoor
localization using different kinds of fingerprints and introduced a new framework for intelligent
localization. They also discuss the main issues of designing intelligent localization in the real world and
accordingly discuss the possible improvements and future solutions. Alam [8] Presented an extensive
overview of the non-RF-based approaches for device-independent indoor positioning in the loT
environment. The authors consider light-based studies, infrared-based studies, physical excitation-based
studies, and electric field sensing-based studies, then discuss the main limitations of each kind of those
studies and the promising researchdirections. Deepetal. [18] overviewed the research studies of anomalous
behaviors for elderly caring within indoor 10T environments while emphasizing dense sensing-based
methods due to their robustness to the situational variations, non-intrusive nature and sociability. The
authors also provided an overview of the main issues and associations between human activity and
anomalous behavior. Nirmal etal. [19] presented a complete review and taxonomy of DL studies for RF-
based human sensing by comparing different types of algorithms and offering a more detailed view of the
DL for human-centric RF-based sensing. They also reviewed 20 released benchmarks of labeled radio
signals of human activities. He et al. [2] investigated the recent innovations in WiFi vision tasks, including
the sensing, recognition, and detection from channel state information (CSI) of the commodity WiFi
devices. They emphasize using these tasks in 9 essential applications of 10T environments, involving WiFi



imaging, vital sign observing, human identification, indoor localization, gesture analysis, gait analysis,
daily AR, fall detection, and human detection. Liu et al. [20] surveyed the wireless sensing approaches in
the context of their fundamental preliminaries, methods, and system constructions. Then, discuss how the
wireless signals can be used to ease the design of different 10T applications containing indoor localization
anomaly detection, room tenancy observing, daily AR, gesture recognition, vital signs observing, and
human identification. They also outlined the future opportunities of exploiting wireless signals for human-
centered applications. Thariq Ahmed [21] argued the gesture recognition approaches in the context of
device-independent sensing based on CSI measurements, which can be categorized into model-based and
learning-based approaches. They also discuss data preparations, employed feature engineering and
classification models, and the environmental considerations that impact the performance. Furthermore,
Zhang [5] surveyed ML- and DL-aided wireless sensing for detecting humans from Red Green Blue
(RGB)/Depth imaged and radar data by merging and fusing information from the heterogeneous kinds of
sensors as a way to enhance the total performance of realistic human detection approaches.

1. OVERVIEW OF DEEP LEARNINGMETHODS

DL belongs to a category of artificial intelligence that hires a deeper neural network with many layers of
interrelated neurons to extricate pertinent and valuable representations from large-scale and high-
dimensional data. Basically, the neurons in each layer get activated to generate a production signal based
on a group of weighted values received from the previous layers. Effective learning of such models could
be realized by the iterative update of neurons’ weights in accordance with the extra training data passed as
a network’s input. In the past, such DL models were not believed desirable owing to their substantial
computation and time requirement. Recently, the great improvements in computational design bring us to
more powerful computational agents i.e., graphical processing units (GPUs), and Tensor Processing Unit
(TPU) which make the DL development less costly. Accordingly, the research attention moved toward
investigating the potential of DL models and their applications in a wide variety of domains.

The massive research in the latest times has generated an abundance of DL models with a wide variety
of traits and benefits. These have been generally adopted for various application domains; meanwhile, only
some are mainly concentrated pursuing 10T environments. This section presents a concise introduction to
the commonly studied DL models, which have been effectively employed for indoor 0T applications. The
studies under the umbrella of DL can be categorized according to the learning strategy into three primary
categories, namely supervised, unsupervised, semi-supervised, and reinforcement learning models. This
section mainly investigates the usages and attributes of different categories of DL models as discussed in
subsequent subsections. For additional detailed information concerning the construction and
implementation of these models, the readers should refer to original studies of these models. The relevant
indoor 10T applications are completely discussed in Section Il11.

A. Deep Supervised Learning Models

The supervised models are referred to as DL models that are trained to learn the inherent representations
from labeled datasets, where the main target is to minimize the difference betweenthe model's estimated
output and the actual data labels, which is computed using a predefined loss function.

1) Multilayer Perceptron (MLP)

The MLP is considered the fundamental supervised DL model is comprising of an input layer, an output
layer, and single or numerous completely linked hidden layers. Each layer comprises single or multiple
perceptrons. The input layer is responsible for receiving the input data, where the number of input
perceptrons is mounted to cope with the size of the input vector of the underlying problem. The hidden
layer’s neurons receive received input weights, then get activated by a non-linear function to generate
output values, which are followingly passed to the subsequent layer (forward propagation). The training



procedure happens incrementally by renovating the learned parameters after each training batch is handled,
according to the difference (i.e., loss) between the estimated and the actual output (backward propagation).
The activation function of the output layer is usually determined by the based type of problem (prediction,
classification, etc.) [5].

2) Convolutional Neural Network (CNN)

The CNN one of the most widely used DL models that achieve powerful results in many research fields,
especially computer vision and pattern recognition, because of its ability to capture and learn the
sophisticated pattern in multi-dimensional data. Particularly, CNN hires a stack of convolutional filters that
convolve over the input vectors to extract spatial representations. Also, it employs different form pooling
layers to lessen the dimensionality of generated feature maps during training. Remarkably, even though
CNN initially developed to process the visual data (i.e., image, videos, etc.), it is also observed to be
efficient in capturing the spatial interactions in sequential data, i.e., textual data, voice data, time series [22].

3) Recurrent Neural Network (RNN)

The RNN is designed based on FFNN architecture for modeling sequential information using a kind of
feedback structure called recurrent unit, which enables memorizing the temporal relationships within the
input. Unlike other FFNN, output at any time step depends only on the present input with no dependence
on previous input/output. Model memorizes the previous output state and uses it as an input in conjunction
with the current input, which makes RNN extensively used for time series and sequential data like speech
recognition, sensor data natural language processing. Nevertheless, the RNNs exhibit two critical
drawbacks. First, the gradient vanishing problem happening because of trivial gradient updates that end the
learning process. Second, gradient explosion happens due to growing weights' gradients through the
backward propagation, which causes a big gradient update [23]. These shortcomings limit the RNNs
capabilities from modeling long-term dependencies. In order to tackle these limitations, long and short time
memory (LSTM) has been designed to effectively regulate the addition or removal of memory state using
a simple gating mechanism (input, output, and forget gate) that optionally remembers or forgets the
information. The main issue with LSTM is the huge number of parameters [5]. This motivates the design
of another variant of RNN called gated recurrent unit (GRU), which is a simplification of the LSTM
network by combining the input and output gate in a single gate, the so-called update gate. This makes
GRU a lightweight and more efficient model for modeling long-term dependencies while maintaining the
simpler architecture. The idea that learning in the current time step does not depend only on the historical
information but also on the future information motivated the design of bidirectional RNNs (Bi-RNNs) that
process the input sequences both forward and backward directions. This encouraged the usage of
bidirectional LSTM (Bi-LSTM) and bidirectional GRU (Bi-GRU), which have been showing great success
for a wide variety of applications [19].

B. Deep Unsupervised Learning models

The unsupervised training of DL models is referred to the situations where the DL models are
trained to learn the inherent representations from an unlabeled set of data. This is usually beneficial under
circumstances where data labels are unattainable, or the data labeling/annotating is very laborious and time-
consuming. In the following, we overview the most common unsupervised models.
1) Auto-Encoder (AE)

An unsupervised DL model is basically used to reduce the dimension of data by performing two
consecutive tasks, which are encoding and decoding. The encoding operation aims to learn complex implicit
features from raw input data while compressing it into the lowest dimensional representation called latent
representation. In the decoding phase, the AE seeks to reconstruct the original data from the compact latent
representation [24]. Since the input operates like an output, the AE is able to actin a self-supervising manner
without demanding specific data labeling. The AE has been widely used as an efficient dimensionality



reduction tool and has shown great feature extraction capability in hybrid DL models. This great success
inspired the development of different variants of the AEs network. For example, stacked AE (SAE) extends
the AE by including a sequence of multiple cascaded hidden layers betweeninput and output layer to extract
hierarchical feature increasingly from data providing fine-grained data representation as an output. The
Sparse AE seeks to realize information bottleneck using sparsity conditions which alleviate the need for
reducing the number of nodes in the hidden layers. Instead, it penalizes per layer activations during the
encoding and decoding process [25]. Besides, the De-noising AE (DAE) is specifically developed to
produce a clear and finetuned output based on extracted features from distorted or partially corrupted data
(i.e., noisy images). The Variational AE (VAE) is animproved variant AE devised to learn and describe an
input in latent representation probabilistically. In other words, it employs the encoder to define a probability
distribution for each latent variable rather than generating a single value for portraying each latent variable
[26].

2) Restricted Boltzmann machine (RBM):

An unsupervised DL was designed as an extension of the Boltzmann machine (BM), where BM consists
of circular unidirectional connected nodes trained to determine the nodes to be activated. To overcome the
overhead incurred by the massive connection among the node makes nodes of BM, the RBM is introduced
to divide the nodes into two layers (i.e., input layer and one hidden layer) and eliminate the connection
among nodes of the same layer (intra-layer connection). The RBM has been gained a wide adoption for
feature extraction, parameter initialization, and collaborative filtering.

3) Deep belief network (DBN)

An unsupervised DL model designed by stacking multiple RBM networks, where each hidden layer of an
RBM is considered an input to the next RBM with symmetric connections betweenthem. Except for the
foremost and last layers, every layer of DBN has two main roles. First, it acts as a hidden layer with regard
to the previous layers. Second, it acts as an input layer for the subsequent nodes [27]. The DBN is trained
in a greedy layer-wise way with optimized weights to conceptualize the learned features drawn from the
original data. The main goal is to realize faster-unsupervised training by regulating the weights based on
contrastive convergence of constituting RBM to create a stable approximation of the possible scores. The
DBNs have been achieving great success in recognizing, generating, and clustering video streams, images,
and action-catch data [28].

4) Generative Adversarial Network (GAN)

The GANs is another example unsupervised DL model intended to acquire the distribution of training data.
Unlike VAE, the GAN concurrently trains a couple of networks (i.e., generator and discriminator) to act
like a two-player game (hence called adversarial) to create observations without acquiring the circulation
parameters promptly. The generator seeks to generate fake observations similar to genuine observations
and send them to the discriminator. The discriminator is simultaneously trained to recognize the generated
observations as fake and compute a probabilistic value, representing data authenticity to penalize the
generator for improbable data. The generators and discriminators are optimized throughout the training
until the discriminator becomes unable to differentiate the real observations from the generated ones. GANs
have definitely transformed the DL research with several alternatives of GAN architectures [29].

C. Deep semi-supervised learning models

The spectrum of semi-supervised DL models includes the models that seek to exploit both unlabeled and
labeled data instances during the training process. The labeled data offer partial supervision, and the
unlabeled data delivers valuable indications concerning the data distribution, which canempower the model
capabilities to learn more improved data representations. For instance, an efficient DL model must produce
steady and soft estimations under arbitrary perturbations (e.g., scaling, rotations, translations, flipping, or
accidental trepidations) GAN [30] alongside the input space or prevent retaining the judgment factors on
high-intensity regions of input space distribution. The current semi-supervised models can be reviewed
from two distinct viewpoints, namely generative models and Teacher-Student models.



1) Generative models

the semi-supervised AEs, RBMs, DBF, and GANs could be obtained from the equivalent unsupervised DL
models. For example, the semi-supervised GAN gets trained a K+1 classifier with K-provided data labels
as well as a label of fake samples. Then discovers the distribution of unlabeled observations by handling
them as a subset of the first K genuine classes, and the competitive capabilities are released via feature
matching technique [31]. Besides, the semi-supervised AE train a classifier for predicting from the latent
representation encoded from the labeled and the unlabeled subset of the training data. In contrast, the
classifier uses the labeled observations.

2) Teacher-Student models

The Teacher-Student models are regarded as the type of semi-supervised models that have been realizing
great success in recent years, in which one or more teacher networks are trained to estimate the labels with
for unlabeled observations. The estimated labels are employed to regulate the parameters of a student
network during training. The constancy between the teacher and the student should be boosted to enhance
the capabilities of the student network in classifying the unlabeled observations [32]. The Teacher-Student
models have transformed the researchin semi-supervised training with a variety of models, including Noisy
Teachers, Temporal Ensembling [33], Mean Teacher[34], Mixture-Match Teachers [35], Fix-Match
Teachers [36], and Adversarial Teachers [37].

V. DATA COLLECTION AND BENCHMARKS

The DL research community is witnessing an increasing demand for open-source datasets to encourage
reproducibility and accelerate research production. The crucial target is to deliver a wide variety of
benchmarks to easily experiment and contrast the performance of DL models from different and
autonomous studies. Unfortunately, the aggregation and annotation of the human-centered dataset is an
exhaustive task. The data available to the public is not viable every time, especially indoor data, because of
privacy limitations and maintaining datasets might be expensive. Though most researchers are presently
accumulating their datasets in the lab to experiment with the proposed DL algorithms, gaining access to
community/released datasets is potentially ideal for speeding up the deep learning researchin the future.
Thus, this section extensively overviews the publicly available benchmarks for different indoor loT
applications and highlights the current data deficiency for those applications that might suggest exploration
in future research.

A. Activity Recognition datasets

1) Vision datasets

The vast improvements and the wide applicability of computer vision models attracted the research
attention toward the design of innovative AR approaches based on visual datasets. In view of this, the
vision-based AR approaches could be categorized according to the type of datato involves RGB data [38],
[39], [40], and RGB-D data [41], [42]. Commonly, the RGB-D-based AR approaches result in better
performance than RGB-based approaches due to the extra information provide by multi-modality and depth
data. Nevertheless, the RGB-D exhibits high computational and design complexity and excessive expenses,
making the RGB data dominating the design DL-based AR approached. Table | presents the characteristics
of current vision-based AR datasets in terms of the type of AR, number of subjects, number of classes,
number of samples, the presence of depth information, and the number of clips per class. A short description
of the nature of recorded activities is outlined along with the source of data.

RGB data: An RGB image comprises red, green, and blue channels in the observable continuum that might
be filmed utilizing standard cameras. It is broadly accessible, inexpensive, and offers abundant texture data



about the human. Nevertheless, the cameras often have a constrained scope, prone to calibration, and are
severely affected by environmental settings, i.e., such as walls, illumination, and lighting.

RGB-D data: The emergence of the depth sensors and scope visioning methods brings additional valuable
information that can improve the capabilities of learning algorithms in recognizing human behaviors and
actions. Besides, the skeleton data could be captured from the depth information to offer a dense
interpretation of the human skeleton. The low dimension of skeleton data accelerates the learning of DL
models. Hence, abusing the joint information obtained from measurements of depth sensors becomes a
desirable research path as it could be applied in various 10T applications. The RGB-D data has several
merits, including the robustness against variations in illumination, lighting, colors, and textures, and pitch-
black situations. Nevertheless, RGB-D data exhibit a limited resolution, instituting noise to the images
owing to quiet compassion, and could be effortlessly disturbed by light-grasping and translucent materials.

Table I. An overview of vision-based indoor activity recognition datasets.

1D Dataset Type | #Subj | #Act | #Samples | Depth Clips Description Source
VAL HDMO5 [41] 5 70 1500 4 10-50 Body Movements Class recorded
Body Movements .
VA2 Hollywood?2 [38] HAR NA 12 3669 x 61-278 H-H Interaction Movies
Body Movements
VA3 HMDB51 [39] HAR NA 51 6849 x min. 101 H-H Interaction YouT ube
H-O Interaction
VA4 _SBU Kinect GAR | 7 | 8 300 v 1.2 H-H Interaction | Class recorded
interaction [42]
H-O Interaction
VA5 UCF101 [40] HAR NA 101 13320 < 4-7 H-H Interaction YouT ube
Sports
H-O Interaction
VA6 CAD-120 [43] IAR 4 10 120 v NA Movements Class recorded
VA7 Berkeley MHAD [44] | TAR 12 11 660 v 5 Body Movements Class recorded
VA8 Sports-1M [45 GAR NA | 487 | 1,100,000 1000-3000 Sports YouT ube
VA9 UT D-MHAD [46] 1AR 8 27 861 v NA Body Movements Class recorded
VA10 NTURGB + D[47] HAR 40 60 56,880 v M Class recorded
NTURGB+D 120 NA ovements
VA1l [48] HAR 106 120 114000 v H-H Interaction Class recorded
VA12 ActivityNet [49] HAR NA 200 19,994 < 137 H-O interactions YouT ube
VA13 DALY [50] HAR 1,2 10 8133 x 51 Daily activities YouT ube
VAl4 Charades-Ego [51] 1AR 112 157 7860 < 52,24 Daily activities Class recorded
VA15 | 20BN-something[52] [ IAR | 1133 | 174 | 220,847 < 115-4,081 H-O interactions Class recorded
VA16 MultiTHUMOS[53] | GAR >1 65 400 x 15-3.5k Sports internetvideo
VA17 | Kinetics700[54] | HAR | >1 | 700 | 650,000 | v NA Da"é;gn‘s”“es YouT ube
VALS AVA [55] ﬁﬁf;’ >1 | 80 | 238906 | = | 235-10k | H-Ointeractions movie clips
Momentsin Time Eventspeople, .
VA19 [56] IAR NA 339 | 1,000,000 x 1,757 objects, animals Different sources
Dally activities YouT ube
VA20 HACS [57] HAR 1> 200 | 1,550,000 x 1100-6600 Sports Google Image
face level -
VA21 HAPPEI[58] GAR >1 6 4886 x NA happiness Flickr
VA22 UT -Interaction [59] | GAR >1 6 180 x NA H-H Interaction NA
VA23 BEHAVE [60] GAR 125 6 76800 < 1-43 H-H Interaction NA
VA24 AIR-Act2Act [61] GAR 100 10 5000 v 50 H-H Interaction Class recorded
VA25 CAD [62] GAR [ 1-18 5 44 x NA H-H Interaction Class recorded

H-H="human-human ", H-O="human-object”, NA="not exist”

2) Sensory data

With the swift progress of wireless sensing, a large number of sensory measurements can be captured from
a variety of inexpensive and widely available smart sensors to facilitate the development of DL models for
recognizing human activities in smart indoor environments (i.e., smart home and smart healthcare). The
current sensory data can be categorized according to the sensor modality into four categories of sensors,
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namely Ambient sensors (AS), object sensors (OS), Wearable sensors (WS), and hybrid sensors. Table 1l
presents a detailed description of four sensor modalities, common sensors, the corresponding data, merits

and demerits.

Table Il. An overview of characteristics, merits, and demerits of different categories of indoor sensors.

Modality Sensor Data Merits Demerits
Barometer Atmospheric - Gauge altitude coordinates : ,I&:‘T(;Lt:tegdpgei:zlst?le environment
pressure - Rapid procurement situations. Y
- less human interference L -
Pressure Pressure -real-time interface Il;/:g]rlet?r?\tgsli(\)/gal e
. - Elevated signal-to-noise ratio
Ambient - It needs for the mold
sensors Microphone Sound - Reasonably Priced - Necessitates more memory.
P - less human interference - Has limited coverage area
- High-temperature scale.
Temperature Temperature - Explicit contact. - Deterioration

- Inexpensive.
- Rapidresponse.

- Difficult to calibrate.

Object sensors

Motion Sensor

Motion of subject

Easy to Install.
Long Lifespan

- Costly
- Cumbersome

Proximity Sensor

Presence of
objects

- Contactless.
- Less human interference.
- Cost and power efficiency.

- Limitedrange

- Impacted by weather conditions.
- Dedicated for only the metallic
target.

GPS

Geo-coordinates,
timing, and speed
information

- Free of charge
- Enable direct estimation ofglobal 3D
location.

- Battery exhaustive
- Unsuitable for indoorenvironments.

Accelerometer

Accelerations
(gravity, force)

- Inexpensive

- long-lasting

- high compassion

- high resistivity and high-frequency

- Hypersensitivetotemperature
- Hysteresiserror
- Efficiency diminished throughout

;/(\el:s;?gle reaction time
- speedy and lightweight - Expensive
Gyroscope Angular velocity | - measuresrotatingmovements - Reliance on the earth’s rotation
- higher resolution - Endangeredto relation azimuth drift
- power-efficient - Hypersensitive
Magnetometer | RS Cion | ~simpleto st Lowprecision
- wide-ranging magnetic field g quers.
Hybrid Thisreferstothe studies that employ a different combination of the beforementioned sensors modality to improve the
Sensors efficiency ofindoor 10T application by empowering the representational capabilities of the DL model.

Moreover, Table 111 reviews the publicly released benchmarks that are typically employed to train the DL
models for the sensor-dependent approach. It is notable that the majority of the current benchmarks are
aggregated using WSs, including magnetometer, gyroscope, and accelerometer. Table 111 also presents the
number of observations, activities, subjects, and attributes in each dataset. Among the tabulated data, the
UCI datasets (OPPORTUNITY[63], HAR [64] , M-HEALTH [65] , etc.) and WISDM datasets are the
commonly used as a standard datasets for evaluating the sensor-dependent deep learning approaches. Itis
also observable that most of the present sensory datasets are aggregated by capturing the activity of single
individual, meanwhile few of them consider multiple or group activity. Regrettably, the obligation of
carrying a device or some sort of sensors is burdensome and potentially impractical for humans, so, making
it difficult to develop ubiquitous 10T applications especially in indoor environments.

Table Ill. An overview of sensor-based indoor activity recognition datasets
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1D Dataset Type  #Subj #Act #Attr #Obs Devices Sensors Sa?;?émg
SAT WISDM 166 Single 29 5 5 1,008,207 Sw A 20Hz
SA2 WISDM 2 [67 Single 36 6 6 2,980,765 Sw A 20 Hz
SA3 _ UniMiB-SHAR[68] Single 30 17 3 11,771 $ A 50 Hz
SA4  OPPORTUNITY[63] Sngle 4 16 242 70136 '50% AGM  32-64Hz
SA5 Real world [69] Single 15 8 7 NA Sp & Sw A 50 Hz
SAG HAR[64] Single 30 6 561 10,299 $ AG 50 Hz
SA7 __M-HEALTH[65] Singie 10 12 23 120 WS A, G M 50HZ
SAB HHAR[70 Single 9 5 16 43,9305/ S &Sw A, G 100 200Hz
SA9 HASC [71 Sngle 5 10 7] 2,779 $ A G M, 10 100Hz
SAL0 DasA [72] Single 8 19 45 9120 MU A, G M 25Hz
SAIL _ KU-HAR[73] Single 90 18 8 20,750 $ A G 100Hz
SAl2 _ PAMAP2[74 Single 9 18 52 2,844,868 MU A G M 100Hz
SAL3 DaLiAc [75] Single 23 13152 8,990 _ SHIMMER __ A.G 200Hz
SALZ DIP[76] Single 10 5 NA 330,178 MU A, G M 60Hz
SALS BaSA [77] Single 15 7 12 NA SHIMMER __ A, G 200Hz
SA16 PUC-Rio [78] Single 4 5 18 165,633 MU A NA
SAT7  SudentLife[79]  Multi 48 7} 7} NA % A NA
SATS  DyadHAR[80] MUt 2 3 18 23,934 T™MU AG NA
SAL9 DBAD [81] Multi 10 11 9 598,39 S A M 50 Hz
SAZ0 ARAS[82] MUt 4 27 21 5,184,000 WS A M TOHz
sA21 CASAS [83] f,{;l‘gl'ﬁ 2 15 NA NA AS AS NA

A=accelerometer, G=gyroscope, M=magnetometer, OS=object sensor, WS=wearable sensor, AS=ambient sensor, Sp=smartphone,
Sw=smartwatch, IMU=Inertial Measurement Unit, NA="not exist”

3) Radio Frequency data

The privacy-preserving, contactless and non-LOS characteristics motivated the researchersto exploit RF
signals to develop an intelligent loT application. In RF-based applications, the transmitter broadcasts the
RF signals, preceding the arrival to the receiver, they get regulated by the human beings and their indoor
behavior. The regulated data canbe collected, cleaned, and analyzed using DL models for different purposes
based on the kind of application. In this regard, the RF data can be divided into three main categories based
on the communication technology employed. First, Radio frequency identification (RFID) is a favorable
communication technology that alleviates the need for device attachment (sensor) and has many benefits.
In Essence, the RFID utilizes electromagnetic fields to instinctively recognize and track the tags affixed to
different entities, which encompasses electronically collected data. The RFID tags can be active or passive
tags, where the former ones depend on a small power supply to constantly transmit the detectable RF wawves
from hundreds of far away distances from the RFID reader. Conversely, the latter tags accumulate power
from a neighboring RFID reader probing RF signals to deliver its collected information. Hence, the passive
tags of the RFID system are much inexpensive and softer. Second, radar-based, which is considered an
active sensing technology in which the RF waves are broadcasted, then modulated by targetand get received
in a modulated form. Radar technology has beenwidely used for outdoor applications such as traffic control
and remote sensing. Recently, there is a growing interest in exploiting radar technology for indoor
applications (i.e., indoor positioning, navigation, activity recognition, etc.)due to its contactless nature,
simple construction, easy deployment, comparatively cheap, etc., inattentiveness to weather and lighting
state, and penetration ability. To this end, two kinds of radars are currently available, namely Continuous-
Wave (CW) Radar and ultra-wideband (UWB) radar. The CW radar broadcast a notorious constant-
frequency CW ratio signal and accepts the moderated signals by targets (human) on the pathway of the
signal. The CW radars can operate in either moderated or unmoderated manner, and it includes frequency-
modulated CW (FMCW) radar, and interferometry radar, and Doppler radars. Third, the WiFi networks are
the most widely used RF technology, mainly in indoor environments because of their cheapness, rapid
transmission rate, and handy installation. This result is a new form of data that can be exploited for
designing human-centric applications, including Received Signal Strength (RSS) and channel state
information (CSI), where the RSS denoted the mean of amplitude information throughout the entire channel
bandwidth. Meanwhile, the CSI encapsulates the frequency reaction of the wireless channel, denoting the
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way the phases of various frequencies get changed and attenuated throughout the broadcast from the
transmitter to the receiver. Table 1V presents the characteristics, measurements, merits, and demerits of
different RF communication technology. A wide variety of Human-centric applications can be developed
based on the beforementioned technologies by extracting different sets of RF measurements, including the
Angle of Arrival (AOA), Time of Arrival (TOA), Time Difference of Arrival (TDOA), and other similar.
The downside of such techniques is the low accuracy and high energy consumption.

Table IV. An overview of characteristics, merits, and demerits of different RF communication technologies.

Technology [ Device Data Description Merits Demerits
- Mobile csl, It storesandretrieves data . .
device Phase via the electromagnetic - High accuracy - Tedlou_s deployment
RFID RSS ' broadcast to an RE - Lowcost - Short distances
T Dc’)A consistent. cohesivecircuit | - Pover-efficient/free - Portable devices
— - Frequency shift extremely
Doppler IF broadcgst smgle tone RF relieson circular velocity
Doppler radar signalswithout involving :
effect modulation - Range folding
) - High maintenance
It captures doppler and - - L
Range and rangg informaﬂ)on - simple design - Limitedrange
FMCW radar | doppler concurrently thereby - power efficient - Pront=t tointerference from
information | appropriate for multi- - easy }0 deploy otsher sllgnals )
targets scenarios -simple - Signal attenuation
- penetrative
Radar It captures angular velocity
Interferometry | ™'¢"%" using an interferometric - increased noise
radar D_oppler receiver consisting of two
signatures antennaswith correlated
output.
- fine range resolution
- extricate the target’s -
. ; . o - High t
It broadcast Rf signal with | scatteringmidpoints ) Relz?atei\r/g%f)m lexity
UWB radar RF pulses 25% greater fractional - penetrative - Special equi ngent
bandwidth. - low electromagnetic gquipme
radiation - Hardly popularized
- power efficient
- Comprise amplitude and .
; - Wider range
_Routers csl phase sub-signals represent | - Lolwcost 9 - High falsealarmratio
. the signal echoes ofthe _ i
- Access point : : - Comfortable RSS coarse granularity
WiFi i human in subcarrier degree . . -RSS limited perf
- Mobile . - - privacy-preserving limited performance
device - Change inthereceived - CS! high aranularit - Sensitive to slight changes
RSS signal strength inthe - Eas tgo i%nplementy in the environment
receiver Y

The sensitivity of RF data to the device configurations and experimental conditions has been exhibiting
many troubles in evaluating and comparing various DL studies. Mercifully, some research studies have
open-sourced their aggregated RF datasets, offering an opportunity for other researchers to reinvestigate,
analyze these data, and reuse them to evaluate and compare different DL algorithms fairly. Table V display
and survey the current datasets in terms of AR level, number of participants, number of classes, number of
observations, a sensing device, RF signals, and activity description. The reviewed benchmarks lead us to
some critical insights, which can briefly be discussed as follow. 1) the daily activities, gestures, and gait
analysis dominate the current datasets, while other applications such as respiratory monitoring, human
counting, fall detection still have a limited number of benchmarks. 2) the number of subjects varies from
one subject to 95 subjects, which provides an indication of the limited diversity in the dataset. 3) The
number of environments considered during the aggregation of datasets is ranging from one to seven,
necessitating a greater number of distinct indoor environments to increase the variability in data and the
generalizability of DL models. 4) The CSl is the most common RF signal used for AR and always captures
with Intel 5300 Network Interface Card (NIC), which indicates its precious value for modeling different
human activities. 5) the vast majority of the RF datasets for AR are accumulated for single user activity and
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only one of them [84] considers multi-individual activities. Besides, the data presentedin [84] only consider
the interactions between pairs of subjects, making the group activity RF data still unavailable.

Table V. An overview of RF-based indoor activity recognition datasets

1D Dataset Lewel #Subj #Act #ALtr #0O bs Devices Signal Description
RAL Wiar [85] IAR 10 16 >12 4800 intel5300 oy Daily activities
Intel5300 B
RA2  Crossknse[86] IAR 20 40 4 NA XiaoMI csl Gait & Gesture
RSSI Recognition
Note2
. Atheros CSI Csl Respiratory
*
RA3  Experience [87] IAR 20 1 114*8 NA Zighee RSS Monitoring
Intel Link . o
RA4 Data [88] IAR 9 6 1782 407978 5300 csl Daily activities
RA5 Widar 3.0 [89] IAR 16 12 75 258000 Intel5300 R%SSII Gesture Recognition
RA6 WIAG[90] IAR 1 6 10 1427 Intel5300 Csl Gesture Recognition
- 8280, Sign Language
RA7 SignFi [91] IAR 5 276 30x3 7500 Intel5300 Csl Gesture Recognition
RAS Wisture [92] IAR 1 3 2 1,643  Smartphone  RSS Gesture
Recognition
RA9 FallDeFi[93] TAR 3 11 10 NA Intel5300 CSI Fall Detection
RA10 RadHART94] IAR 2 5 10 15,635 FMCW PC Daily activities
43,077 Biometrics estimate.
43,077 Person Recognition
RA11 CSI-net[95] 1AR 1 10 30x3 23.896 Intel5300 Csl Sign Recognition
24,398 Falling Detection
Anritsu -
RA12 EHUCOUNT[96] IAR 5 2 10 NA MS2690A Csl People Counting
RAI3  mmGaitNet[97] IAR 95 7 10 NA IWR 1443 PC Galt Recognition
RA14 Alazrai et al[84] GAR 66 13 180 4800 Intel5300 ISSSSII H-H interaction
RA15  Yousefietal. [23] 1AR 6 6 180 NA Intel5300 CSl Daily activities

H-H="human-human ", H-O="human-object”, NA="not exist”

B. Indoor positioning and tracking datasets
In the same way, the publicly released datasets for indoor positioning fall in one of three categories, i.e.,
vision data, sensory data, or RF data. Table VI reviews the different characteristic public indoor poisoning
benchmarks in terms of dataset name, type of data, number of subjects, number of attributes, number of
observations, devices included number communicators, frequency bands, and the data measurements. It is
observable that the RF data (CSI, and RSS) dominate the present benchmarks because of its high efficiency
for modeling positional information of the humans compared to the sensor or vision-based data. Unlike
activity recognition benchmarks, there are a limited number of indoor positioning benchmarks and most of
them are legacy data.

Table VI. An overview of vision-based indoor positioning and tracking datasets.

ID Dataset Type | #Subj | #Attr | #Obs Devices #devices Fr%gﬁzsw Data
RBT-1002,
IL1 Jekabsons [98] RF 1 20 82P/68P RBT-4102 14 APs | 2.4 GHz,5CGHz RSS
2 2.4GHzor5
IL2 ARIL [99] RF 1 2 1440 EttusN210 antennas GHz csl
RSF Smartphones 50 Hz A RGSSM
IL3 IPIN 2016 [100] >1 >=1 NA Samsung, >1 <10 Hz e
Non- . sound, light
RE Sony, Hawaii 0.25t00.17Hz data
Android
IL4 UJlIndoorLoc[101] RF >20 529 21,049 Smartphone 520 APs NA RSS
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Google's
IL5 vl '“df’logé-]oc"\"ag s | NA | 13 | 40,195 | Nexus4 2Ps 10Hz Aagt'a M
LG G3
IL6 | IPIN2016 Tutorial[203] | RF | NA | 177 | 1629 NA 168 APs NA RS(?,aSPS
IL7 | ALCALA2017[103] | RF | NA | 154 | 1075 NA 152 APs NA R
21 android 2.4-GHz and 5- RSS, GPS
IL8 crowdsourced[104] RF 8 992 4648 devices 991 APs GHz data
IL9 . 3 mini-
Widar 1.0 [L05] RE | 5 30| NA daektops 1AP 5.825 GHz csl
1L10 Widar 2.0 [106] RF 6 303 NA 2 Tabptop 1AP 5.825 GHz CSl
S="sensor”, SP="smartphone”, NA="not exist”
V. INDOOR |OT APPLICATIONS

A smart indoor enables the interconnection of pervasive 10T devices embedded in many indoor
appliances such as smartphones, smart television, smart fridges. Recent advances in DL motivate the
researcher to use DL to address many smart indoor issues that help to enhance life quality with different
applications of smart indoor environments. This section reviews various DL approaches for different
categories of human-centered 10T applications in smart indoor environments.

A. Positioning and Tracking

Identifying human locations has been shown great importance for human-centered applications. Location-
based services (LBS) describe the services designed to attain the physical location of individuals using
different localization approaches. Despite the success of outdoor positioning/ navigation technologies and
the broad adoption in the daily lives of human beings, they fail to keep performing well in the indoor
environment because of its complexity and the associated environmental conditions. Hence, the real-time
and efficient identification of indoor positions becomesa vital and challenging researcharea for future smart
buildings. Generally, the indoor localization DL approaches could be categorized into three groups: vision-
based, sensor-based, and RF-based.

1) Vision-based Indoor positioning

The CV techniques are known to be robust and reliable for a wide variety of applications. In this context,
Zhao et al. [107] investigated the viability of improving the localization performance by combining the
camera data with smartphone data and WiFi data to develop a multimodal framework that can help to
reconstruct the inner vision of building for subsequent positioning or navigation. Ha etal. [108] presented
a novel visual indoor localization framework that integrates CNN with building information modeling
(BIM) to create a benchmark of condensed BIM images and then explored the data to find the utmost
analogous to indoor photographs, in that way approximating the indoor location and direction of the
photograph. Another study [109] employed CNN for indoor positioning of unmanned Aerial VVehicles
(UAV) based on transfer learning design, where the genetic algorithm is employed to optimize the model’s
hyperparameters. However, visual data is not the most suitable option for determining the local coordinates
and distances. Also, the vision data are known to be privacy obtrusive and obey the LOS restrictions. Thus,
the vision-based approaches become the non-preferred choice for indoor positioning, tacking, and
navigation.

2) Sensor-based Indoor Positioning
To address the limitation of vision-based indoor positioning approaches, the researchers believed

to exploit the sensory data generated from different sensors embedded in smartphones, smartwatches, etc.
For example, the authors of [110] presented a DL framework for indoor localization from geomagnetic
data captured by magnetometers, then encoded the geomagnetic data into recurrence plot representations,
which are followingly fed into CNN for automated feature extraction and later for classification. In [111],
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the authors designed a DL system that uses LSTM to learn to performindoor positioning based on bimodal
sensory information, including data sensed by light sensors and magnetometers. The experimental
evaluations on private datasets validated the practicality and feasibility of using bimodal data in improving
the localization performance. For exploring more sensor modalities, the authors of [112] introduced a multi-
sensor DL framework that considers learning from multimodal data from light sensors, magnetometers,
barometric sensors, pressure sensors, and Global Navigation Satellite System (GNSS). The framework
employed dense convolutions for efficient feature extraction, used LSTM to model temporal dependency,
and MLP to compute the classification decision. Distinctively, the Pedestrian Dead Reckoning (PDR) is
recently considered one of the typical approaches for achieving indoor localization as a result wide
availability of smart devices. In this regard, the SAE network is presented in [25] to estimate the step length
in the PDR system using smartphone data (Accelerations and gyroscope data).

In a nutshell, the selection of DL model and sensors to be used for localization heavily depends on various
considerations, including the efficiency, localization environment, computational resources availability,
latency issues, etc. For instance, efficient localization can be attained by using acceleration, gyroscope
seguences, magnetometer sequences. However, carrying or wearing the sensors all time might be extremely
problematic for humans. In multi-floor environments, the movement of humans between different floors is
indispensable; hence, being aware of the floor level might improve the positioning or tracking performance.
Besides, the importance of spatial information or temporal dependency within the data necessitates deciding
the appropriate DL layers, i.e., convolutional, recurrent, attention layer.

3) RF-based indoor positioning and tracking

The RF-based indoor localization can be divided into two subcategories, namely fingerprinting and
triangulation [12]. The fingerprinting approachesentail the online and offline phase CSI information. Where
the system calculates the CSI reports throughout the offline phase at the targeted positions to construct the
fingerprint benchmark, meanwhile the gauged CSI measurements are contrasted with the fingerprinting data
to decide or track the position of the goal throughout the online phase. On the other hand, the
triangulation/geometric approaches decide and track the position of humans depending on the triangles’
geometric attributes. Based on Table VII, it is notable that DL models based on RF signals have gain wide
adoption compared to the visual or sensory data.

Fingerprinting: The fingerprinting approaches belong to one of two distinct groups, the deterministic and
probabilistic approaches [95]. The former approaches employ various similarity measures (cosine similarity,
Manhattan, Euclidean distance, etc.) to contrast the estimated data with the original fingerprints to decide
the position of humans [73]. For instance, Wang et al. [113] extracted phase information of CSI data to
approximate the AOA data, construct AoA images (with size 60 x 60) and pass them to a deep CNN to be
trained for indoor localization during the offline phase. The Latter approaches usually depend on the
statistical estimates (i.e., mean absolute error (MAP), mean square error (MSE), root MSE (RMSE)) to
compare the model outputs with the original fingerprint, and thereby enable modeling the uncertainty
through a different form of the RF data [95]. This implies predefining and storing the information about the
distribution of signals across reference points. In [114], the authors integrated the FFNN and decision tree
algorithm in a single framework to model the location information from the RSS data, where fuzzy learning
is employed to model uncertainty during the training.

The probabilistic approaches are shown to have a variety of features, evaluation criteria, and localization
accuracy. However, the most remarkable about them is that the high localization efficiency requires a
complete inspection of the environment to construct complete fingerprints and necessitate upgrading the
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fingerprints based on environment alterations. These conditions limit the deployment in the real-world
indoor environment. Thus, crowdsourcing persons' measurements to construct fingerprint testbed is likely
to be a viable solution. DRL is suggested to be employed as a second solution where reward and punishment
canbe determined according to the environmental changes. In addition, it could be seenthat the deterministic
fingerprinting localization (Table VII) attain wide adoption in recent studies and achieve promising
performance. However, the process of creating a fingerprint database is composite and time-consuming.

Triangulation: The triangulation canbe realized in two viable methods, including lateration and angulation.
The Lateration method seeks to approximate the target's position by computing the corresponding distance,
such as the TOF, with respect to reference points. Xue et al. [115] employed LSTM architecture to learn
from erroneous TDOA measurements of UWB signals without degrading the localization performance. He
et al. [116] employed a DNN model to learn indoor locations from both RSS fingerprints as well as TDoA
measurements. Angulation methods approximate the target's location by calculating the corresponding
direction, such as the AoA, concerning the reference points. Wang et al. [117] employed DNN to design a
cooperative autonomous generation approach for indoor localization of unmanned Aerial Vehicles (UAV
not for humans) using AoA data, where the offline/online application regulations are employed to estimate
the optimal heading angles for UAVs. Several studies have been investigated the effect of modeling AocA
measurements in improving the performance of indoor localization with around 20% [118], [119]. However,
the estimation of AoA mainly relies on the spatial variation in the sensing signals. Therefore, the key reason
that restricts the performance of AOA valuation is the number of sensing parities. Therefore, the
standardization of new protocols for a huge number of antennas (transmitters or receivers) in the huge MIMO
systems will enable better approximation of AoA estimation and improve the dependent indoor localization,
navigation, and tracking.

Table VII. An overview of deep Learning studies for indoor Positioning and Tracking

Ref Model LS Type Preparation Dataset Signal PP Contributions
1) A DeepMap framework that employs
Custom E: adeep Gaussian process (DGP) for
(WiFi o building a full radio map from sparse
[120] DeepMap SU F NA 3.4), RSS 11%%”;1 training samples. 2) Bayesian training
IL1 ' strategy isemployed for parameters
optimization.
Aview-selective DL model is presented
% . Custom E- for robust regression performance multi-
[26] VDL SU F gmentation e csl 053m  ViewCsl databy modelingthelatent
5300) ' feature andrejecting theinvaluable
features from different views.
1) An online DL framework for passive
Custom human localization by learning the
CAE+ E: associated movement pattems in
[121] LSTM us F PCA,PCC égngg; cs 0.68m unlabeled CSI data using CAE; 2) An CS
embedding layer presented to scale up
CSI data into a higher-dimensional space;
Custom 35600 of o“ggié DAPNNfOF Sﬁ?/ngmoc?smdr? X fo
0 . navigationo ased on thetransfer
[109] CNN U v NA (:a?ﬁg:)d images MAE: learning technique.2) genetic algorithm
0.0243 used for hyperparameter optimization.
Custom c A_DIIQL flramzle_wotr_k tomodel acorll\ztarllt
: wireless localization process as a Markov
[122] DQN us F NA (é% i-gg RSS 12.2m Decision Process using only unlabeled

data
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1) Employ bimodal CSI data for indoor
fingerprinting to permit active abuse of
time and frequency features, while the

[123] CNN U E FFT, C(Lljztt%?] Cdl, E: AoA iscomputed based on amplitude and
IFFT 5300) AoA 0.89m phase difference information. 2) A
residual learning model to efficiently
model the location patterns from the CH
tensors.
1) An AE designed to calibrate the
. . . localization errors reasoned by the
Ir‘;:qeoa\gllt Custom 1 4Eg'm ecological alterations in thetime-reversl
[24] AE us F FET ' (Intel Csl 1'3 5m’ positioning system. 2) Two AEs designed
Norr’nalization 5300) 1 1'4m’ with multi-layer DBN to model location
' information from the amplitude and phase
of unlabeled CSI.
DenseNe+ Subsampling, Custom M, Tight, Multi-Sensor DL model that uses variots
[112] LSTM+ U S Interpo!atiqn, (Ph_or)e, barometer, A: 1D sensor?hree—layer LSTM _and CNN
MLP Normalization, WiFi, RSSI, 94.6 for extracting long-term relations and
fixedthreshold  Sensors) GNSS high-level features from input data.
- Apply an improved 1D CNN that sweeps
Up sampling, . - h -
[99] CNN SU F Inrt)erpolg\tiog, IL2 csl A alongthe time dimension of the
Segmentation 95.68 flngerprlntsyo rgallz_e both AR and
indoor localization simultaneously.
Deep AE for estimating step length by
[25] SAE U S Segmentation, Custom A G E: considering various walking velocities,
Interpolation (phone) data 3.01 the way the phone is carried, and the

subject features.

A spatial-temporal DL to leam boththe
IL3 RSSI E:3.20m  spatial andtemporal feature using

residual CNN and LST M, respectively

A multi-head CNN is presented to extract

Min-max
normalization

ResNet+

[124] LSTM

SU F

Sensor - :
L walking patterns from input sequences,
[125] CNN SU S E:e:)"obrr(;iitr:ztne (CpL:]S;?]Z; A;je?t’aM 1.06m while the attention layer is employed to
transformation ’ learn the relevance of convolutional
features.
A deep fuzzy forest model is presented to
FFNN+ MSE:3.20 integratethe decision treeswith FFNN to
[114] Fuzzy U F NA Custom RSS MAE:136 empower the representation learning
capability.
Phase Custom csl E:1.78m Employ a CNN for indoor localization
[113] CNN SU F calibration, (Intel (A0A) 2 .38.m ' from imaged AoA values extracted from
Imaging 5300) ' the phase of CSl data.
A DL framework to handle the TDOA
L DecaWave uwB AUC icorrect or missed measurements during
[115] LSTM U T Normalization Dw1000 (TDoA)  0.997 asynchronous localization  called
DeepT AL.
Kalman filter, 1) An enhanced RSS extraction
Distribution RSS RMSE: technique toget more steady RSSvalues.
[116] DNN SU T Judging, Custom +TDOA 098 : 2) TDOA-based rapid discovery
remove the ' Procedure to calculate a coarse
invalids estimation of the target location.

LS="Learning Strategy”, SU="Supervised”, US="Unsupervised”, SS="Semi-supervised”, PP= “positioning performance ”,
A="Accuracy”, E="Localization error”, F=""fingerprinting”, V="Vision”, S="Sensor”, T="Triangulation”, NA="not exist”

B. Activity Recognition

Activity recognition (AR) has been attracting a growing research interest since it offers an efficient
solution for modeling human-computer interactions in smart human-centered systems, thereby bring
numerous advantages to surveillance, impaired people care, healthcare systems, etc. With the continuous
advancement and affordability of IoT devices and smart technologies, AR becomes a vital task for
enhancing human lives in smartindoor environments. Human activities are known to be deliberate, mindful,
and personally significant series of acts that can be performed by single or multiple individuals, which
might be related or unrelated. Accordingly, the task of AR can be categorized based on the complexity of
activities into three main levels, namely individual activity recognition (IAR), group activity recognition
(GAR), and hybrid activity recognition (HAR). In the 1AR, the main target is to detect and identify the
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activities performed by a single subject without considering activities of other subjects in the environment,
and this is the lowest degree of complexity of AR. Besides, in the GAR, two or more subjects
simultaneously perform some activities, which can be related or unrelated to each other. The related group
activities imply that the subjects share the same activity to achieve a joint goal associated with each one of
them. For example, when several individuals will pick up a heavy item from the floor to a small table, they
owe to cooperate with each other to accomplish this task. On the other hand, the unrelated group activities
mean that the subjects perform some actions that are autonomous and irrelevant to other’s actions. Asan
example, when some persons are studying, resting, watching television, etc., and the activity of everyore
is independent of the others [126]. Moreover, in the HAR, the main goal is to recognize the individual and
group activities in indoor environments, which is a more complex task. For instance, a residential smart
home contains three individuals, where a couple of them are washing dishes in the kitchen while the other
individual is sleeping. Hence there are a mixture of individual and group activities is being performed in
this place. To this end, the research community determined to take the advantages of deep learning for
designing efficient and fully automated techniques for recognizing different kinds of human activities using
various data modalities as previously discussed.

Activity Recognition

. Interaction- Observation -
Action-based
based based

Fall-detection

Daily Activity

Recognition

Gesture People
recognition counting
Posture Vital sign
recognition monitoring
Gait Human-Human Human-Robot Human-Object Human
Recognition Interaction Interaction Interaction Detection

Fig. 2. Taxonomy of classifying the human-centric activity recognition in smart indoor environments.

The AR task primarily seeks to detectand recognize human physical activities either from one or multiple
subjects. However, human activities are numerous, spanning multiple categories and classes. For example,
some activities require whole-body movements, i.e., running, walking, and lying. Some others required
moving single parts of the body, i.e., hand gestures. Other activities are obtained as a result of interaction
with other entities in the surrounding environments. To this end, this study presents a taxonomy for
classifying the DL-based indoor AR based on the type of the targeted activities. To be more specific, the
current DL studies for AR falls in one of three classes, namely action-based AR, interaction-based AR, and
observation-based AR. Then, the systematic categorization AR for each class is presented in Fig. 2.

Firstly, Action-based AR considers recognizing the performed by doing some physical actions
using either the body or a certain organ. This study systematically divides action-based AR into five main
subcategories: fall detection, daily activity recognition, Gesture recognition, posture recognition, and gait
recognition. Secondly, interaction-based AR mainly concerns the activities resulting from the interaction
between humans and the surrounding entities in the indoor environment. Accordingly, the interaction-based
activities can be divided into three main subcategories, including Human-Human Interaction (H-HI),
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Human-Robot Interaction (H-RI), and Human-Object Interaction (H-Ol). The third class of activities is not
associated with any actions or interaction, yet it relates to observing or detecting the presence or absence
of humans or observing some aspects of humans. This is greatly beneficial, specifically in security,
surveillance, and healthcare application in indoor environments. The observation-based AR include the
subcategories of AR, including human detection (ldentification), people counting, and vital sign
monitoring. The subsequent discussions about the AR consider this taxonomy to survey the DL research
presented for these subcategories, emphasizing vision-based, sensor-based, RF-based, and Non-RF-based
approaches.

1) Vision-based activity recognition
Vision-based DL approaches mainly depend on the visual sensing tools for monitoring and recording
different kinds of human activities in Indoor environments [2]. The most remarkable about this approach
is their great dependency on the quality of the captured images or recorded videos. In other words, the
resolutions, lighting conditions, illumination alterations, and similar graphical elements are the main
factors for determining the quality of visual data. In view of this, the computer vision researchers strive
harder to propose a new solution for improving the performance of AR from visual data using reasonable
computational overhead to cope with the needs of 10T environments. Table VIII overview the recent DL
work on activity recognition in terms of DL model, learning strategy (LS), the AR level, the data
preparation (preprocessing and/or feature engineering), dataset identifier, reported accuracy, and
contributions.

Table VIII. An overview of deep Learning studies for vision-based activity recognition

Ref Model LS Lewel Preparation Dataset [ A (%) Contributions
- Difference ] ] ]
127 | G| S | HAR | operator VAL | 964 | At mitsle G o e to ot s
- Exponential maps
- Keyframe %S)%I)DL fl;amev\_/ork for ARZ)VIia spat_ial-\t/;rmorlal D{jnfgmics
CNN+Bi- extraction and motion stream. 2) InceptionV3 employed for
[128] LSTM SuU HAR | ~ Depth-Human VAL0 84.1 feature extraction in motion stream. 3)The STD employs
p LSTM and Bi-LSTM to respectively model motion data and
pose model temporal patterns ofhuman shape dynamics.
- Keyframe A lightweight CNN-based framework for segmenting multi-
[129] CNN+AE SU HAR | selection VA5 96.6 view videos into snapshots, then calculate joint information
- feature descriptor calculation to generate a video summary.
- Resizing A DL framework employs GCN to learn spatial-temporal
_ : features of skeleton information that act as acomplementary
[130] GCN U HAR R S;Oi?)?iwgglengt hs VAL0 95.9 of RGB feature to empower the learning of action-related
information.
VA9 92.33 A sample fusion model that employs multi-scale
[131] LST M+AE SU HAR NA VAlé 92 25' transformation architecture for efficient data augmentation for
i improving the AR performance.
- Tracklet detection VA22 08.33 A Hierarchical Long Short-Term Concurrent Memory for
[132] LSTM SU | GAR | - AlexNet feature VA25 | 8375 | modeling multi-individualinteractionsfor AR by learning the
extraction ’ dynamic correlated features from human interaction clips.
- Static features A graph LSTM-in-LSTM for simultaneous modeling ofthe
[133] LSTM SU HAR | _ Temporal features VA25 94.9 group and individual activities romvideos using graph
p LSTM and person LSTM, respectively.
- Employ a Global Context Coherence (GCC) and spatial-
. temporal Context Coherence (STCC) constraint to seize the
- Tracklet detection pertinent actions and estimate its donations to the group
[134] LSTM SU GAR | -person-level VA25 93.0 activity.
features - A Coherence Constrained Graph LSTM presented to model
the discriminatory representation ofhuman motions while
ignoring the unrelated actions.
CNN+ A teacher-student framework that leverage the previous
LSTM+ semantic knowledge, where the teacher learns judicial
[135] GCN+ SU GAR | - Generate tacklets VA25 95.8 patterns ofvarious persons via two modules ofsemantics-
TCN+ - Graph construction saving attention. The learned knowledge forwarded to the
Attention student model that obligated to imitate the teacher model.
G te tacklet A Hierarchical Graph Cross Inference model that combines
- Generate tacklets i i i i i i
[136] GCN suU GAR VA25 93.0 multilevel information and spatiotemporal relationships

- CNN features

between body organs and persons using a cross inference
block.

LS="Learning Strategy

7, SU=""Supervised”, US="Unsupervised”, SS="Semi-supervised”, A= “Accuracy”
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2) Sensor-based activity recognition

With the recent advancement and wide spreading of sensing technologies, sensor-based AR has become
a more attractive research area for DL communities. The sensor data is more lightweight, thereby requiring
less computational overhead. Table IX summarizes the recent DL contribution for modeling different kinds
of human activities from the sensory data. This includes the DL model, LS, the AR level, the data
preparation, dataset identifier, reported accuracy, and contributions.

It is notable that most of the present studies mainly adopt supervised training for their model. A few
of them consider learning from unlabeled sensory data, which is large enough and easy to obtain. The
authors of [137], [138], and [139] tried to address this issue via semi-supervised training where the limited
amount of labeled data involved during the training along with a large amount of unannotated data.
Alternatively, the authors of [140] presented an online learning LSTM model for unsupervised training
from the unlabeled sample, where the hierarchical k-medoids clustering (Hk-mC) algorithm was employed
for automatic labeling of raw signals and building a hierarchical classification. Nevertheless, the potential
of unsupervised/semi-supervised DL still not fully explored AR. Besides, the vast majority of the reviewed
studies emphasize the AR in the level of IAR. Exceptionally, the authors of [141] tried to address GAR by
applying temporal convolution network (TCN) and LSTM network to model multi-user activities from
custom 2D Lightdetection and ranging (LiDAR) data.

Table IX. An overview of deep Learning studies for sensor-based activity recognition
Ref Model LS Level Preparation Dataset A (%) Contributions

. A recognition method that uses two-stage CNN to
[142] CNN SuU IAR Augmentation SA2 95.7 learn from augmented sensor data

New online update phase to estimate true labels for

Segmentation, feature

[143] NN suU IAR selection Custom 91.78 the new data
Segmentation, Pixel SA5, 974, 1) Fusion model for combining handcrafted and
[144] CNN SuU IAR encoding, handcrafted SA10, 97.2, convolutional features. 2) Encode sensor data into
features SA13, 96.1, pixel values.
alow-pass filter, 1) New Uncertainty-aware multiple-domain CNN
[137] CNN SS IAR coordinate change, SAl4 95.81 framework; 2) A transfer learning employed from
normalization, DAE synthetic to real data to improve the recognition
N Custom, 85.6 A cost-effective multi-task LSTM model for activity
[145] LSTM SuU IAR Normalization SAG6, 935 classification and intensity estimation.
SA15 80.3
Custom, 94.2 A new CNN network for real-time AR
[146] CNN SuU IAR NA SA6 925
CNN+ -k-means clustering, SA6, 94.05 A pattern-balanced co-training for extracting the
[138] LSTM+ SS IAR labeling flow, SA7, 83.42 latent features from imbalanced and limited labeled
Attention glimpse layer. SA12 81.32 AR data
Sliding window 9923 1) An unobtrusive DL-based AR for monitoring
[147] CNN SuU IAR imaging ! SA22 ’ elderly peoples; 2) a method for encoding binary
sensor logs into images.
linear interpolation Interpretable CNN for better classification based
[22] CNN SuU IAR normalization SA4 89.6 important sensor signals using spatially sparse
Sliding window convolutions
sliding window, PSD 1) Extract PSD features from linear accelerations and
features, tri-axle accelerations; 2)employ LSTM to learn these
[148] PSDRNN SU  IAR time and Fequency SA3 9466 o Jemploy
(LSTM) &
atures.
trai 1) A LIDAR point is clustered with the DBSCAN to
rajectory b . h
TCN segmentation 99.49 carry ou_t personal and object classification based on
[141] LSTM SuU GAR au tati ! Custom 29 39’ geometric features; 2) Employ TCN /LSTM to track
gmentation, . ]
sliding window multl—perso‘n cor)curre_ntly and ag_gregate the
corresponding trajectories froma 2D LiDAR.
Segmentation, 1) A new unsupervised online learning scheme to
compression, avoid the constraints on the number ofclass
L1-norm, constraints. 2) the Hk-mC algorithmis employed to
(140] LST™M us IAR low-pass elliptical Custom 95.15 label raw signals and build a hierarchical
filter, classification automatically.
AHRS filter
- 1) A method for encoding sensory data into image
[149] ResNet SU IAR %AAZE :23::3 Ssﬁg 996972 representations; 2) A ResNet designed for extracting
) activity features from the encoded images.
Statistical features, SA7, 993 1) An RNN based on effective features from the
[150] RNN suU IAR Augmentation, SA16, 99'1 various wearable sensor; 2) employ KPCA to
KPCA finetuning. ) project features into a nonlinear space.
CNN+ Sliding window 1)A m_JIti-head CNI\_I introduceq for rol_)ust feature
[151] . suU IAR - SA1l 96.4 extraction; 2) Attention mechanismdesigned for
Attention Segmentation

extra valuable feature selection.
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LST™ Cleaning incomplete, 1) A semi-supervised framework is designed with

R . SA3, 97.0 LSTM for classifying sensory data; 2) A smart auto-
(139] D+N ss IAR Tcorrect plte?as SAS5 labeling method based on DQN with a distance-
Q auto-segmentation based reward rule.
LSTM+ Augmentation, time, 1) A temporal ensembling of LSTM is designed for
[152] TE SS IAR and frequency SA6 97.11 AR from huge and low-cost labeled and unlabeled
statistical features sensor data.

LS="Learning Strategy”, SU=""Supervised”, US=" Unsupervised”, SS="Semi-supervised”, A= “Accuracy”

3) RF-based activity recognition

The adoption of radio signals for recording human activities offers distinctive advantages because of the
ubiquitous availability, which alleviates the privacy concerns incurred by vision-based and sensor-based
approaches. The RF signals are also affected by the obstacles (walls) or by the darkness, which makes them
perfect for modeling human activities, especially in indoor environments. Indeed, RF-based AR has come
to be an enthusiastic research area in the latest years. A variety of commercial RF solutions have been
presented for sensing, detecting, and recognizing different kinds of human activities. Table x overviews the
recent research on DL for AR from different RF signals.

It can be observed that all of the reviewed DL studies emphasize recognizing the single-user activities (IAR
level), making the GAR and HAR remain unexplored areas. This might be caused by the complexity of
capturing the fluctuations of multi-user activities in radio signals. Similar to sensor-based approaches, the
RF-basedapproachesare trained in a supervised manner, while semi-supervised training is employed using
GAN designed for fall and gesture recognition [153]. Learning from unlabeled RF data can be improved
by further exploration of the semi-supervised and unsupervised models. Besides, most of the reviewed
studies experiment and evaluate their model on their custom datasets despite which necessitate reproducing
their results on public data to understand the advantages and weakness of their models. Moreover, among
the different kinds of RF data, the CSI has gained wide adoption in recognizing human activities, where
most of them are collected using Intel 5300 NIC.

Table X. An overview of deep Learning studies for RF-based activity recognition

Ref Model LS Level Preparation Dataset Signal (02) Contributions
o An LST M isemployed for extracting features and
[154] LST™ su IAR Denoising Custom csl 978  forrecognizingactivities from differential CSI
Augmentation (Atheros) data
Butterworth .
pssoNn sy R e (BEOR o ors ol patems from Callips.
Segmentation .
1) leverage the BLST M for extracting the
o Custom sequential features from CSI streams in both
[156] ABLSTM  SU IAR s's':'grn’;zi%w 5('3'33; cst 973, forwardandbackward directions.2) employ the
g RALE 97.0  attentionlayertocapturethe significanceof
features learned by the BLST M.
Interpolation,
Butterworth 97-  Athree-phase frameworkto recognize multi-
[157]  CNN su IAR F?rllgé (Irﬁle’lsts‘go) csl 9923 individual activities, where the layout ofeach
calibration. phase depends on the size of the dataset.
PCA,DTW
sliding window 1) AnLST M isemployedtorecognize
segmentation, Custom han_dvvrltmg actionsfrom CSI_ d_ata. 2) An CSI-
[158] LSTM ] IAR transformation, (Intel 5300) csl 90.64 Ratlo model and relevant activity factor can be
data denoising, introduced to extract the segments of handwriting
PCA,DTW activity.
data denoising, 1) A DL framework employs CNN subnetwork to
CNN+ data Custom learn spatial depend(_enaes, V\/_nlle Bi-LSTM is used
[159] i sTm su IAR segmentation, (Intel 5300) csl 97.0  tocapture tempt_)ral mforma_tlon smultaneogsly. 2)
Snippet Action Atransfer leaming scheme is presented to finetune
Acquisition the model performance in a newenvironment.
CNN+ Butterworth Custom A pattern-balanced c_o-trainingforex_tra_ctingthe
[160] LSTM™ SuU IAR filter, (Intel 5300) csl 96 latent features from imbalanced and limited

PCA, STFT labeled AR data
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phase A DL model for activity recognition from RFID
processing, . .
o Custom spectrograms, which entail three modules namely
[161] ~ CNN su IAR '::g:::ﬁ;?le::e (Mee UHF) TP 95 ONN for feature encoding, dense module for
PCA STET activity classification, and a domain discriminator.
1) A GAN-based model to solvethe performance
RA7, 84.17, declinationof leave-out validation for AR. 2)
[153] GAN ss IAR NA RA9 csi 84.09  Generator,lossterm,and Manifold regularization
are used to learn from unlabeled data.
1) ADL-based activity segmentationto lessen the
o . reliance on knowledge and improve AR
[162]  CNN su IAR S'S'g 't’;%r‘]’gg‘:]oc‘g (|nctg|5t5%r80) csl >91  performance for blended activities. 2) A feedback
system relating the segmentation with the
classification method by jointly training them.
1) A data augmentation technique for synthesizing
But%elrtworth the CSl spectrogram to mitigatethe impact of
er [P ; Aty §
CNN+ i Custom motion inconsistency and subjectivity issues; 2) A
(1631 giLstm su IAR Azggrizgzn (Intel 5300) csi %00 pL framework dedicated to learning fromtiny
Deformation CSl datasets andalleviating the overfitting

problems.

VI.

LS="Learning Strategy”, SU=""Supervised”, US=" Unsupervised”, SS="Semi-supervised”, A= “Accuracy”

EMERGING MATTERSAND FUTURE DIRECTIONS

This section mainly discusses the most interesting research directions for both device-dependent and
device-independent approaches in indoor loT applications. In this regard, Table Xl tabulates the key
challenges facing the development of intelligent indoor loT applications and the possible solutions based
on the recent studies of intelligent 10T research.

Table XI: Challenges and possible solutions for different 0T applications in indoor environments.

Name Issues Possible Solutions Ref IL AR
inter-class - Similar behavior can vary among
similarity and persons - require modelingdistinctive and
s . . . [93] x v
Intra-class - Distinct behavior might cover exclusive features.
variation analogous forms.

Unsupervised

- Dependgreatly on unlabeled data.
- requires abundant training data is

- Crowdsourcing

[102] v v

learning expensive and monotonous. - Deep transfer learning
- lack of publicly acknowledged - A standardized performance
Standard benchmark measure to permit fair 91 v v
benchmarks - unable to assessthe DL models comparative analysis for different [91]
realistically. approaches
- Early forecasting is specifically
essential for CCTV systems
Activity - Slight specificationsin human activities - Choosesaccurate and distinctive

forecasting

necessary to be caught toforecasta
potential activity

- Forecast the incomplete activity with
constrained remarks

features.

021 x v

Multi-subject
interactions

- The behaviors generally include the
collaboration between several subjects
andentities.

- Identifies and tracks numerous subjects
simultaneously, such as collective
activities recognition is difficult.

- Spatial-temporal associations
among persons.

- Design an efficient DL approach
that concentrateson

[99],
[100]

discriminating higher-level
behaviors

Composite
activities

- Human activitiesare mostly
intersecting and simultaneous

- The identification of combined
activities generates extraambiguity

- Identify human activities via
heterogeneous modality devices

[94] x v

Non-invasive AR

- Individuals have to followsensor-
related restrictions
- Unpleasant

- intelligent non-invasive method

requires more investigation
- proposingan innovativesensing

technology.

95],
[[96]] vV
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- Dynamic backgrounds, obstructions,
brightness divergence, and perspective
alterations take place regularly.

- CCT V'techniques typically record - employ the multi-sensor

} - Al v - technique. [101],

Real-world videos poor quallty_wdeos_andobstructlons - Amalgamation of the depth [102] x v
might seem in the filmed streams. sensors and the RGB video
- extra difficulty could be induced when ’
the eventsare happening at a prolonged
distance.
* Device dependent applications often ] .
necessitate real-timediscerning; hence Adoptsa lower sampling

Energy and they consume a lot of ener frequency [971, v v

resource constrain Tl{ey also need substan ti%rowssmg - Think About the adaptable [98]

FeSOUTCeS. segmentation technique.
1) Transfer learning

Nowadays, DL approaches have gained control of developing intelligent 10T like the present tendency in
the computer vision community. Nevertheless, training the new DL techniques from scratch remains a
challenging mission to develop reliable applications. Consequently, the implementation of the DL
approaches depending on priorly pre-trained architectures is a respectable strategy as these architectures
have already experienced the underlying data representations. Itis interesting to investigate the concept of
transfer learning for some indoor trending applications using visual or sensory data streams.

2) Explainable Deep Learning

In recent days, the interpretability of visioning models has been becoming an extremely important
research topic. Nevertheless, few research studies have been performed on explainable video recognition
models. As clarified in [85,86], only some keyframes are critical for recognizing indoor activities, gestures,
or indoor positions in a sequence of video frames taken out from the targeted video. Besides, the indoor
activities/gestures vary in the corresponding temporal features. It is conceivable to recognize some
activities/gestures utilizing the captured frames at the start or end of the video. The interpretability of
complex activities/gestures depending on the keyframes is a virtuous research area to respond to the
following questions, such as the arrangement of frames in the temporal domain? What is the contribution
of the keyframes in the classification decision? and can these frames be designated for training the DL
approach rapidly without impacting the efficiency of the Indoor applications? Such kind of understanding
could help researchers to develop more effective 10T applications in the indoor environment.

3) Multimodal data

Indoor environments often contain multimodal data, including daily audio, visual, textual, and signal,
generated and received by humans to communicate with the surrounding environment. As an example,
reading allows the rebuilding of the consistent portion of the individual's visual intellect. Thus, it is
advantageous to exploit multimodal information to understand complex indoor activities because
multimodal data encompass amusing semantic information [87]. Modeling this kind of data enables
acquiring the long-standing temporal interdependency among entities from the multimodal data since it
could be thought-provoking to straightforwardly learn from the multimodal data [88]. This long-standing
temporal interdependency could show the consecutive order of indoor activities/gestures/positions
throughout a lengthy sequence similar to how the human brain performs. Once a person recalls somewhat,
one item induces the following item from the lengthy main sequence, comparable to enduring video.
Moreover, the interaction among various entities is also significant to comprehend temporal
interdependency. As an example, predetermined interactions between objects occur in a specific activity
following certain conditions. Therefore, the indoor DL-based loT application should consider the
multimodal information about humans to enable reliable performance, especially in applications that
depend on long-duration data.
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4) The physical aspect of humans.

Nowadays, there is an increasing curiosity in investigating the bodily facets of human actions, like
detailed and specific activities/gestures. For instance, authors in [89] presented a 20BN-something-
something as a HAR dataset to inspire the researcher to explore human-object relations. This dataset covers
class patterns or documentary descriptions, such as "set an entity near to an object” to represent the
interaction between human and object or betweentwo objects. Such kind of data enables developing an
indoor loT application that considers the bodily facets of human movements/actions counting the
interactions between human and object and the spatial relationships. Although many statistics are detected
with the Closed-circuit television (CCTV) videos, some bodily facets, like power, speed, movement style,
and rushing, are difficult to capture. Thus, it is vitally important to develop an loT benchmark that contains
such kind of information.

5) Learning actions without labels

In an attempt to enlarge the size of the indoor dataset used to train the DL model from any application
domains, the physical annotation of datasamples is labor-intensive, ineffective and expensive. Even though
the automated annotation exploiting the searchengines and video subtitles is realizable in some fields, it
still requires manual confirmation. Crowdsourcing [104] has been suggested as a healthier solution.
Nevertheless, it is challenging due to the label multiplicity issue, resulting in an inappropriate outcome.
Therefore, the research community requires introducing improved and powerful learning techniques that
inevitably manipulate the unannotated generated indoor data [140Q].

VII. CONCLUSION

A thorough survey of the recent cutting-edge deep learning approaches accompanied by their positives
and negatives cons for device-dependent and device-independent has been introduced in this work. These
approaches have become particularly prominent in the latest years due to their potential integration in
different 10T applications of smart indoor environments, including positioning and activity recognition
applications. The comprehensive explanations, analyses, and insights of the corresponding aspects assist
researchers in enriching their knowledge in the era of human-centered IoT applications with indoor
environments.

Several viewpoints have been considered in discussing the current studies, including DL architecture,
accuracy, application, system configuration, used data, sensors, samples. We put emphasis on the latest
advancement in both device-dependent and device-independent loT applications. We provided a novel
taxonomy for smart indoor DL approaches from a data modality perspective and/or application domain
perspective. The characteristics, advantages, and flaws of contemporary DL approaches employed in indoor
loT applications were also studied. Furthermore, this survey study discusses the most interesting research
issues facing Indoor 10T applications and presents some potential solutions for these issues.

Above and beyond the DL applications in different indoor environments, various challenging issues are
fruitful for future investigation, such as system design, multi-activity tracking, action forecasting, and time
sensitivity. This study is likely to inspire more research in a wide variety of human-centered loT
applications in indoor environments.
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