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his article surveys the
literature on environ-
mental perception,
compliance control,
and intention rec-
ognition for elderly service
robots. Population aging is
an inevitable trend in cur-
rent society, leading to
an urgent need for service
robots. A high-performance
collaborative robot should
be able to construct an
environment of harmo-
nious and effective
human-robot symbio-
sis. This survey starts
with an overview of the
environment perception system (e.g., environment 3D recon-
struction and object location) for elderly service robots, as
environment perception is the basis of human-robot inter-
action. Furthermore, we report various learning methods
deployed in compliance control, which opens the way for
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the generalization of robots. In this case, we structure our
review into three primary domains delimited by learning
processes. The article also presents several aspects focus-
ing on processing multimodal signals (e.g., vision, speech,
and electromyograms) related to intention recognition.
Finally, we briefly discuss several challenges that robots
need to overcome to reach interactive performance com-
parable to humans.

Authorized li@nsed JEEERYREENS: MANak GXRERNETSSTNARHRYYS. DONHBANEA 8h October 02,2024 at 13:52:37 UTC from IEEE Xplore. Restfietiond apisiyO2024IEEE



https://orcid.org/0000-0003-1310-6739
https://orcid.org/0000-0002-8917-1222
https://orcid.org/0000-0002-9609-9732
https://orcid.org/0000-0002-2977-8559
https://orcid.org/0000-0002-4709-2243

Introduction

Human-robot collaboration has always been the hot spot
in the robot community. The Industry 4.0 project has
broadened the horizon of the robot community [1], [2],
where robots can flexibly interact with the surrounding
environment. In the past, most robots were restricted to
a narrow working region and dealt only with simple
repetitive tasks, which dramatically limited their utility.
Human-robot collaboration promotes the idea that
robots can become a part of human life (i.e., in hospitals,
restaurants, and homes) and assist the elderly with va-
rious tasks like a partner. With effective human-robot
collaboration, human needs in work and life can be sat-
isfied by robots, freeing humans from repetitive danger-
ous tasks and allowing them to devote energy to more
sophisticated tasks. The outbreak of COVID-19 has exac-
erbated this demand [3], [4], such as for nucleic acid test-
ing and physical distribution. Furthermore, population
aging has become an inevitable trend worldwide, leading
to an urgent need for service robots. However, current
collaborative robots are far from reaching this level and
cannot work effectively in our homes and offices.

The definition of human-robot interaction is multifac-
ed, ranging from physical collaboration [9], [10] to cogni-
tive aspects [11], [12]. For elderly service robots, physical
collaboration focuses on equipping robots with the abili-
ty to meet various needs of the elderly in real life. In com-
parison, cognitive aspects pay more attention to elements
influencing the relationship between robots and the
elderly, such as intention recognition, emotional commu-
nication, and human-robot trust. To adapt to the dynam-
ic surroundings and choose a suitable policy for the
particular task, the service robot should be able to ana-
lyze the multimodal data coming from the environment
[13], develop strategies, and plan motion, which is critical
during human-robot interaction. Fortunately, the rapid
development of electronic hardware technology [9] and
artificial intelligence (AI) provides a strong guarantee for
realizing many prospects in robotics.

Due to the enormous demand in the elderly service
industry, most work in human-robot collaboration has
focused on elderly service robots [15] (see Figure 1). In
terms of the nursing robot, Toshiharu et al. first proposed
RI-MAN [5] for elder care, in 2006. Salichs et al. [6] pre-
sented a new social robot, Mini, specifically designed to
assist and accompany the elderly at home and in a nursing
facility. In [8], Hiroyasu et al. proposed Twendy-One,
which is a type of human-symbiotic robot that escorts
elderly individuals and performs tasks with dexterity
while securing safe physical contact, such as attendant
care for 24-h and kitchen support. However, the existing
robot technology is still immature, single functional, and
expensive, which significantly limits the application of
escort robots [16], [17].

This work aims to review the critical techniques of
elderly service robots from the broader field of robotics

and provide a starting point for researchers who have just
moved into this domain. We begin this article by briefly
surveying the work on environmental perception systems,
in the “Perception System” section. The “Compliance Con-
trol” section reveals compliance control to endow robots
with the ability to learn new skills. Then, the “Intention
Recognition” section focuses on intention recognition in
human-robot interaction, analyzing aspects such as lan-
guage instruction and behavior perception. We respective-
ly discuss the challenges of elderly service robots in
human-robot collaboration and conclude this article in the
“Challenge” and “Conclusion” sections.

Perception System

Considering the unpredictable and unstructured accompa-
nying environment, the perception system of service
robots discussed herein focuses on environment 3D recon-
struction and object perception, as environment percep-
tion is a prerequisite for achieving effective human-robot
interaction. Its main idea is to acquire information about
the surrounding environment, extract the significant fea-
tures from noise, and, finally, understand the environment
through robot sensors. Supported by the accurate percep-
tion of the surrounding environment, elderly service
robots can better assist humans by cleaning the house,
cooking, and feeding,.

3D Reconstruction of the Environment

Service robots should complete the 3D environment recon-
struction based on the elderly’s demands and environmen-
tal information. For example, when asked to go to the
kitchen to get a cup, robots should know where to go and
how to get there. Typically, during the planning process,
the robot should constantly perceive the surrounding envi-
ronment, adjust its position in real time, and calculate the
best policy to reach the target.

In robotic navigation, 3D reconstruction is a classic prob-
lem related to computer vision, which is mainly divided into
two domains: multiview reconstruction and motion recon-
struction. The former includes the famous multiview stereo
vision (MVS) algorithm, and the latter includes the simulta-
neous localization and mapping (SLAM) algorithm, which
was first introduced by Smith, Self, and Cheeseman, in 1986,
and has been expanded for more than 30 years. 3D recon-
struction methods based on SLAM can be further divided
into filter-based and graph optimization-based methods.

(d)

Figure 1. Elderly service robots: (a) RI-MAN [5]. (b)
Mini [6]. (c) Pepper [7], and (d) Twendy-One [8].
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The MVS algorithm proposed using two or more camer-
as to capture images from different viewpoints and obtain
depth information to reconstruct 3D models, as shown in
Figure 2. Existing research develops the multiview recon-
struction method by fusing the data from multiple sensors
[18], [19], which significantly improves the reliability and
accuracy of environment perception. Based on stereo
vision, Wang et al. [20] proposed a 6D iterative closest-
point method for 3D reconstruction and state estimation of
unknown and noncooperative targets. The 3D reconstruc-
tion is accomplished by generating 3D target points
through optical flow tracking of Harris image points
between consecutive frames. To efficiently explore the
correlation between different viewpoints, Wang et al. [21]
performed feature extraction and fusion in a complete
architecture to redefine the multiview 3D reconstruction
task as a sequence-to-sequence prediction problem. This
approach allows the correlation among multiple unordered
input perspectives to be fully exploited. Due to hardware
constraints, one robot cannot get 360° information on the
object in real time. However, the multiperspective method
does not seem to be the first choice for 3D environment
reconstruction in the elderly care context. Although it is
possible to compensate for the information loss by setting
up multiple cameras on the ceiling, the computation com-
plexity and refresh rate are big problems.

In motion reconstruction, the SLAM algorithm plays an
important role. Initially, researchers transformed the 3D
reconstruction into a state estimation problem. They
solved it with methods such as extended Kalman filtering,
particle filtering, and maximum likelihood estimation.
The authors of [23] attempted to use the joint state vec-
tors to represent the robot’s position and feature maps,
which are estimated by extending the Kalman filter. How-
ever, the method is not suitable for nonlinear systems.
With the unscented transform, Julier et al. [24] applied the
unscented Kalman filter to improve the extended Kalman
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Figure 2. The multiperspective 3D reconstruction
[22]. Since it is impossible to obtain 360° information
on objects from a single viewpoint, whether 2D
images or 3D point clouds, visual data from different
perspectives will be complemented and integrated.

filter algorithm. However, these methods suffer from sen-
sitive data correlation and great computational effort,
which is not widely applicable. In [25], the particle filter-
ing approach was introduced, which avoids the computa-
tional complexity of Kalman filtering and error sensitivity
of data correlation by using particle distribution to repre-
sent the robot’s position and waypoints. However, when
the number of sampling particles is insufficient, this
method tends to perform poorly and incurs high computa-
tional cost.

With the advancement of research, SLAM based on
graph optimization has become the mainstream approach
for visual SLAM. Essentially, the complete motion trajecto-
ry of the robot is estimated with the smoothing principle,
which utilizes the observed information to construct a
map of the environment. Klein et al. [26] presented a paral-
lel tracking and mapping system, which implemented an
online real-time SLAM by graph optimization for the first
time. In another study [27], the oriented fast and rotated
brief-SLAM system was proposed. It has good generaliz-
ability and works well in unknown environments. The sin-
gle SLAM method may not be robust enough to provide
accurate poses under arbitrary conditions. Shao et al. [28]
designed a scheme using VisualSLAM to compensate for
lidarSLAM that combined vision and lidar to achieve bet-
ter localization performance. Yeh et al. [29] developed a
red-green-blue plus depth data (RGB-D) SLAM system
that used high-dynamic-range image information to
improve the geometric accuracy of reconstruction. The
algorithm has strong robustness and good performance in
low-light environments. In [30], several criteria for analyz-
ing the accuracy of 3D reconstruction were proposed to
improve the performance.

Obviously, the SLAM-based 3D reconstruction method
is more suitable for elderly service robots, considering the
environment and hardware factors. In particular, the great
success of recent autonomous mobile robots has proved
that SLAM-based approaches can effectively complete var-
ious indoor and outdoor 3D reconstruction and navigation
tasks. Furthermore, service robots should maintain the
balance between task execution and the satisfaction of
humans in the care environment. A good example is that
robots may block the way of the elderly while driving.
Therefore, how to design a reasonable priority level for
tasks is still a topic worth exploring.

Object Perception

When performing manipulation operations, elderly ser-
vice robots need to acquire sufficient semantics informa-
tion about the target object, such as its category, position,
and direction. Unlike robots, humans can quickly get
these factors through the brain and eyes. Robots under-
stand nothing if the image from the camera is not further
processed. In addition, due to noise interference and
hardware defects, it is difficult for sensors to provide
accurate and complete information in a real environment.
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Figure 3. The notable techniques of target detection and instance segmentation in the past decade. RCNN:
region-based convolutional neural network; RFCN: region-based fully convolutional network; YOLO: You Only
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Convolution; OTA: optimal target assignment.

Object perception can be broadly classified into three
categories depending on the needs of the applicable occa-
sions: localization without recognition, target detection
with instance segmentation, and object recognition based
on the point cloud.

Given the description, how to locate the proper object
from images has always been the most challenging prob-
lem in computer vision. The evolution of target detection
and instance segmentation is presented in Figure 3.
Ahn et al. [43] proposed a method using You Only Look
Once (YOLO)-based object recognition for cognitive
robots. Subsequently, YOLO algorithms have been con-
tinuously optimized and have now evolved to YOLO
v8. For example, in [44], the authors showed a YOLO
v3-based object recognition system. It allowed robots to
perceive surrounding objects as humans do, which
reduced network latency and bandwidth requirements
and ensured real-time applications. In [45], Babila et al.
used YOLO v5 to count inventory. In addition, Kim et al.
[46] demonstrated the lightweight and ground-optimized
lidar odometry and mapping system, which solved the
problem of identifying and localizing multiple objects
simultaneously when using 3D SLAM to build maps in
indoor environments. However, this method is time-
consuming and cannot provide practical applications in
the real world.

Service robots should have basic concepts to distin-
guish different things. Among them, one of the most
important things is to detect and segment the human
body effectively. Instance segmentation is a combination
of target detection and semantic segmentation. Relative
to the bounding box brought by target detection, instance
segmentation can provide the detailed edge of the object.
In contrast to semantic segmentation, instance seg-
mentation requires labeling every individual among
the objects on the graph. There are four main methods:
the mask-suggested classification method, detection
before segmentation method, tagged pixel followed by the

clustering method, and dense sliding window method.
The main techniques included in the four ways are listed
in Table 1 [47].

Girshick et al. [31] pioneered the region-based convolu-
tional neural network (RCNN) algorithm, which applied a
large-capacity CNN as a bottom-up regional proposal to
localize and segment objects. Compared to other tradi-
tional models, the RCNN algorithm can greatly improve
performance. Based on deep CNNs, the fast RCNN [32]
was proposed to perform target detection. Subsequently,
optimization methods, such as the faster RCNN [33],
mask RCNN [34], and mask scoring RCNN [35], have
been presented to reduce the running time and improve
the accuracy of computational detection. In addition,
there are some other methods for object localization and
perception. Li et al. [48] proposed the Online Algorithm
for Scalable Image Similarity, a single-stage one-shot
shape-based instance segmentation algorithm, which
can predict the modal mask under the presence of rota-
tion, scale difference, and occlusion. Tomono et al. [49]
constructed 2D maps with laser range finder scanning

Table 1. The instance segmentation

Group Technique

Classification of mask
proposals

RCNN [31], fast RCNN [32],
and faster RCNN [33]

Mask RCNN [34], mask
scoring RCNN [35], MPN [36],
and YOLACT [37]

Detection followed by
segmentation

Deep watershed transform [38]
and instance cut [39]

Labeling pixels followed
by clustering

Dense sliding window
methods

Deep mask [40], instance FCN
[41], and tensor mask [42]

MPN: Markovian Policy Network; YOLACT: You Only Look at Coefficients.
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and used vision-based target recognition to verify the
detected candidate targets. In [50], Park et al. provided
specific information about the object through radio-
frequency (RF) ID tags. The robot can identify the object
based on the detected tag and the downloaded visual
descriptor. The disadvantage is that all target objects
should be labeled with RFID tags. In another work [51],
Yang et al. fused the object’s color, texture, and shape fea-
tures. They proposed a new method for indoor robot per-
ception by combining various features, which improves
the matching accuracy compared to single-feature recog-
nition and meets real-time requirements.

Although the preceding algorithms show excellent per-
formance when facing some particular tasks, there is still
along way to go to meet the elderly service robots’ require-
ments. On the one hand, most algorithms are based on 2D
images. However, 2D images are often influenced by light-
ing, occlusion, and other factors, which will significantly
cause information loss. Furthermore, 2D images cannot
provide spatial information for elderly service robots when
performing manipulation tasks. On the other hand, the
performance of visual algorithms based on 3D information
is sometimes unstable, especially when encountering
transparent and textureless objects. Given the demand for
elderly service, it is reasonable to combine techniques
from 2D and 3D effectively.

Compliance Control

How to accord robots the ability to work across tasks and
environments, making the human-robot interaction process
smooth and natural, is a significant problem in the robot com-
munity. The accompanying scenes are diverse, which is a
great challenge to the adaptability and adjustment ability of
the service robot. In addition, most robots still rely too much

on the predesigned functions of programmers when execut-
ing tasks, which makes the mechanical control too rigid to
achieve compliance control. In this case, we focus on the
domain of robot skill learning and survey the theme from sev-
eral aspects, such as method, content, and quality.

Human-Robot Teaching

Limited by technology and other reasons, designers cannot
imagine all situations and endow robots with correspond-
ing tips and skills, which significantly restricts the applica-
tion of collaborative robots in the real world. Presently, the
robot’s performance is still very rough, and robots often fail
to complete manipulation tasks as simple as grasping. To
deal with this problem, the theory of learning from demon-
stration (LfD), which is also called imitation learning (IL),
provides a paradigm for robot skill learning [64]. Its core
idea is to simplify the functional deployment of robots,
where robots can quickly master new skills through simple
human demonstration and even carry out self-learning by
drawing inferences about other cases from one instance.

A traditional learning method of LfD is human-robot
teaching (see Figure 4), in which people directly control
the robot’s movements to complete some basic actions
[62], [63], [65], [66], such as dragging the robot arm to exe-
cute a particular trajectory and make correct postures. In
this case, each joint of the robot and various sensors will
record the relevant data during the movement process and
then successfully reproduce the motion when performing
the same task next time. Similarly, there are methods of
shadowing [67], [68], [69] and teleportation [70], [71], [72]. A
common property of these methods is that they allow
robots to learn from human experts directly by mapping
the robot’s action to human behavior [73], as demonstrated
in Figure 5. In [563], Sylvain et al. proposed an approach
to gradually teach human gestures to
a humanoid robot through the motion
sensors worn by a human to record the

human’s upper-body movement. It also
helps the robot reproduce the movement
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: that the significant features of a gesture
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Figure 4. The methods of human-robot teaching.
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can be efficiently transferred through
interaction with the robot. Akgun et al. [52]
| interacted with PR2 by applying kinesthet-
: ic demonstrations and allowing the robot
| to learn low-level and high-level skills. Wei
| et al. [54] developed a robot skill learning
l system leveraging a teleoperation system,
which directly transfers the human experi-
- ence to the robot. This way of obtaining
I | direct experience from a human expert is
: : convenient, enabling robots to learn skills
} | quickly. However, robots can perform only

| some relatively simple motion and manipu-
lation tasks, which is far from meeting the
needs of elderly care. In addition, when the
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degrees of freedom of the robot increase, it is almost
impossible to construct the motion mapping between
humans and robots.

Mapping

Figure 5. (a) and (b) A kinesthetic demonstration
[562]. [53]. (c) Teleoperation [54].

Concept Acquisition

Humans are so intelligent that they have invented lan-
guage and characters and mastered various skills through
learning in the long process of evolution [74]. Humans
constantly accumulate knowledge and life experiences
and acquire concepts by abstracting and generalizing
common characteristics from a handful of things. Through
concepts, humans are able to reason and think when fac-
ing a novel situation. For example, human beings have
the concept of shape, so even if they see an object they
have never seen before, they can outline it in their mind at
first glance.

Current robots just lack the ability to acquire concepts
and learn skills. In this case, a large body of work in cogni-
tive robotics has investigated how robots can obtain con-
cepts concerning object categories and attributes (i.e.,
color, shape, and pose) to complete some complex opera-
tions, as detailed in Table 2. In [57], an online robot algo-
rithm is presented to gain knowledge of natural language
and learn object concepts by training a language model
that uses unsupervised word segmentation and multimodal
information from the version. Yang et al. [62] proposed an
approach for human-to-robot handovers by learning the

Table 2. An analysis of different work regarding concept acquisition.

Year Authors Human-robot interaction task Concept learned Highlights
2014 McColl and Perceiving and identifying Knowledge of emotional Perception and expression of
Nejat [55] human social behaviors and body language emotion through body language
responding in a corresponding by a humanlike social robot
way
2017 Cai et al. [56] Performing different grasp tasks  Color concept corresponding Color recognition and dynamic
based on the recognized color fo behavioral strategy decision-making model of sixth axis
(e.g., fraoffic lights) of industrial robot
2017 Nishihara Object recognition and Language model that links Acquiring the meaning of a word
et al. [57] classification o object concept by connecting word sequences
fo corresponding object
concept
2017 Schmidt 6D object pose estimation Spatial and orientation Estimating the 6D pose of
et al. [58] information of objects objects in cluttered scenes
using vision data only
2018 Anderson Inferpreting visually grounded Spatial relations and Linking natural language fo spatial
et al. [59] navigation instructions orientation perception information from the environment
2018 Paul Understanding natural Abstract spatial concepts Modeling abstract spatial
et al. [60] language instructions based for natural language concepts of objects (e.g., rows,
on environment representation inferaction columns, and groups) and
inferpreting the instruction
2020 Wei 3D shape recognition from Geometry of the object Combining multiview features to
etal.[61] mulfiview features of describe the global 3D shape by
2D images view-based graph CNN
2020 Yang Object transfer between Handover methods based Receiving objectsin a
etal. [62] humans and robots on human grasp corresponding manner according
classification fo the hand grasp type
2021 Shao Almost 78 different Manipulation concepts Learning to imitate human from
et al. [63] manipulation tasks that connect language human video demonstration

(e.g., pull, remove, and plug)

instructions to motor skills
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concept of the human’s grasp type, where the robot can
accordingly plan a trajectory based on the concept and
take the object from the human’s hand. Shao et al. [63]
drew on the experience of LfD and endowed a robot
with the ability to learn manipulation concepts that
link natural language instructions to motor skills by
leveraging large-scale video datasets of human’s manip-
ulation actions.

Undoubtedly, the establishment of the concept will
bring significant improvement to the service robot. For
example, service robots should construct the health
concept for the elderly and generate coping strategies
according to a personal situation. The success of deep
learning for medical diagnosis and analysis [75] has
shown that it is possible for robots, just like human doc-
tors, to diagnose patients based on experience and case
libraries. The challenge is how to combine existing Al
technology with robotics, which will be further discussed
in detail.

Knowledge Transfer and Autonomous Learning

The method of human-robot teaching does not allow
robots to learn the advanced skills required to deal with
complex tasks, which is unrealistic for robots to achieve
absolute compliance control. To construct effective
human-robot collaboration, elderly service robots need
knowledge transfer and autonomous learning abilities.
Research in robotics has focused on combining various
types of Al technology to realize some manipulation tasks
(i.e., grasping, handing over, and opening the door). The
machine learning trend promotes more LfD learning
schemes [i.e., reinforcement learning (RL)] so that the
robot can learn more complex skills.

RL emphasizes that an agent constantly optimizes the
policy according to the feedback of the reward and envi-
ronmental state to approach the best effect, which coin-
cides with the purpose of autonomous robot learning.
RL is a superior technology that has yielded great fruit in
the field of robot skill learning [76], [77], [78]. In [76],
Chelsea et al. utilized a deep spatial autoencoder to
obtain feature points describing the environment state.
Then, the robot learned motor skills through RL according
to these feature points. Scholkopf et al. [78] introduced a
framework using RL for mobile robots. Experimental
results show that compared with moderately experienced

—

3

—— &
—

Figure 6. An example of massively parallel deep
RL [79]. where thousands of robots will simulate in
parallel, much faster than in real time.

programmers, the framework can learn a reasonable con-
trol policy faster.

In addition to RL, other aspects of machine learning are
also used in robot skill learning [63], [80]. With the help of
various open source large-scale datasets, robots can
achieve knowledge transfer and quickly master different
skills. Mohit et al. combined the strengths of Contrastive
Language-Image Pretraining (CLIP) [81] and Transporter
[82] to present CLIPort [80], which solved various lan-
guage-specified tabletop tasks ranging from packing
unseen objects to folding clothes. In this case, the robots
learn skills from data.

The rapid development of electronic hardware technol-
ogy makes physical simulation more efficient and conve-
nient. The existing high-performance GPU can perform
parallel operations on thousands of simulation algorithms
in a few minutes through hardware acceleration. To train
the Al for a particular task, years of a single robot’s experi-
ence can simulate in a little over a day. Currently, research-
ers in robotics prefer to transfer the optimal data to the
motion control of real robots after tens of thousands of
training sessions in the simulation environment. In [79],
Nikita et al. trained thousands of quadruped robots called
ANYmal to walk on uneven ground in parallel on a single
GPU;, costing fewer than 20 min, as described in Figure 6.
Compared to previous results, this method accelerates
learning by multiple orders of magnitude.

Inspired by these works, we can train service robots
based on the elderly care context and personal preferences
through simulation. Therefore, it avoids more time-consum-
ing processing, such as environmental layout and hardware
construction. It also reduces the injury and loss caused by
accidents. Although it is impossible to completely simulate
the physiological and psychological reactions of the elderly
in a simulation environment, we believe that the simulation
data still play an essential role for elderly service robots.

Iintention Recognition

Sensing Mode

To achieve better human-robot interaction, service robots
should analyze multimodal information from the elderly to
realize intention recognition. In general, intention analysis
involves three steps (see Figure 7): sensor information col-
lecting, signal processing, and intention recognition. Specif-
ically, multimodal information comes from different local
features of the elderly (i.e., bioelectricity signals, visual sig-
nals, and auditory signals). Different sensing methods can
complement one another and improve the performance of
robots effectively, especially in complex environments with
multiagents. For example, for the elderly who have difficulty
in action and speaking (e.g., the man with Parkinson’s dis-
ease), the bioelectrical signal is an effective sensing mode
that can directly reflect the elderly’s state and demand.
More details about the strengths and weaknesses of differ-
ent sensing signals are summarized in Table 3.
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Figure 7. The process of intention analysis using multiple sensing signals: (a) sensor information collection,
(b) multimodal signals processing, and (c) intension recognition. EOG: electrooculogram; EMG: electromyography:
ECoG: electrocorticography; EEG: electroencephalogram; MKL: multiple kernel learning; CRF: conditional

random field.

Bioelectricity Signal

Biological signals directly come from the human body and
can be divided into biological electrical and biomechanical
signals. The collection of biological signals from human
motion is mainly achieved by wearable devices (e.g., data
gloves and electronic bracelets). In addition, some special
sensors can collect the bioelectric-based signals [e.g., elec-
trooculograms (EOGs), electromyography (EMG), electro-
encephalograms (EEGs), and electrocorticography
(ECoQ)]. Biomechanical signals can be detected by tradi-
tional physical sensors (e.g., joint position sensors, force—
torque sensors, and pressure sensors). Combined with
dynamics and kinematics, it is possible to construct a pre-
diction model based on these biological signals to realize
intention recognition, especially when the elderly cannot
speak flexibly.

Although biomechanical signals can be perceived accu-
rately by traditional sensors, due to the lag in mechanical
information in human motion, it is difficult for robots to
predict human intentions in advance and respond rapidly.
In addition, bioelectrical signals occur before body move-
ment, which provides the advantage in response speed.

However, biochemical sensors are still limited by low fre-
quency, weak amplitude, and a low signal-to-noise ratio.
Dong et al. [83] proposed a dual-tree complex wavelet
transform method to extract features from an EOG gath-
ered from eye movements. A support vector machine is
used to classify the features of the EOG so that the origi-
nal eye movements can be converted into control com-
mands for computers and rehabilitation aid devices. In
[84], Golparvar et al. developed the use of graphene-coated
fabric electrodes for the acquisition of different EOGs
because graphene textile electrodes display a high degree
of flexibility and stretchability, and the possibility of
embedding them into various kinds of personal clothing
exists. Bhuyain et al. [95] presented an EOG-based system
to control an electric wheelchair for people suffering from
quadriplegia and quadriparesis, in which four EOG types
corresponding to different directions of wheelchair move-
ment are gathered. Tam et al. [85] leveraged a wearable
high-density-surface EMG (HD-sEMG) sensor combined
with a CNN to classify muscle activity for motorized hand
prosthesis control. To address the variability affecting sur-
face EMG (sEMQ) accuracy, Zanghieri et al. [90] proposed

Table 3. The strengths and weaknesses of different sensor signals.

Signal type Sensor Examples Strengths Weaknesses
Bioelectricity Bioelectric sensor EOG [83], [84]. EMG Real time Expensive, uncomfortable to wear
signal [85], EEG [86], and Versatile, and sensitive Difficult data processing caused by
ECoG [87] complex signals
Visual sense  RGB-D/Stereo/Optical ~ Pose [88], [89], hand Widely used, low-cost, Information loss due fo inappropriate
camera gesture [85], [90], and mature technology, light infensity, occlusion, deformation,
expression [91],[92]  available and well equipped and fextureless regions
Audio Piezoelectric and Language command Wide application Sensitive to noise
information  ceramics/capacitive [93]. [94]. [80] Sufficient semantic Slow response speed and

acoustic sensors

information low accuracy
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an approach based on the novel temporal convolutional
network topology (TEMPONet). Inoue et al. [86] analyzed
the characteristics of the recorded EEG by wearing EEG
sensor devices, from which existing contaminated arti-
facts, such as eye blinking, lateral eye movement, and
EMG activity, can be detected. Moreover, ECoG has been
successfully used for controlling prosthetic limbs by clas-
sifying individual finger movements [87].

Visual Signal

Camera sensors have been widely used in human-robot
interactions, due to their convenience and visual perfor-
mance. In general, the service robot uses unique feature
descriptors to extract target information from the image.
To recognize the intention precisely, service robots should
be sensitive to changes in the elderly’s local features (e.g.,
facial expressions and hand gestures). In addition, the
combination of different local features can effectively
compensate for a deficiency in one aspect. In recent years,
the visual sensors have shifted chiefly to depth cameras.
Compared with the images generated by traditional camer-
as, depth images can offer extra spatial information, which
plays an indispensable role in human intention recogni-
tion. Various depth cameras (e.g., the Kinect series from
Microsoft and RealSense [96] from Intel) have been widely
applied in robotics, such as human tracking and semantic
segmentation. This section introduces several intention
recognition methods based on visual information from the
perspective of posture, expression, and gesture.

Posture Recognition

The large-scale application of deep NNs in image and video
recognition has verified their excellent performance in
recent years. In the elderly care context, service robots
should collect environmental information and predict
human intentions simultaneously. A typical approach is to
estimate human posture through video and images. Zhe et
al. [88] used partial affinity fields to realize 2D multiperson
pose detection through image sequences. The proposed
architecture can efficiently predict the position of different
body parts and their associated vector representations,
becoming a benchmark in 2D posture estimation. The
occlusion problem in a 3D environment has always been a
focus of posture estimation. Therefore, Casalino et al. [97]
proposed a human pose estimation algorithm combined
with a particle filter to solve the occlusion problem in
human-robot collaborative scenes. In addition to the tradi-
tional human body posture recognition methods that wide-
ly use RGB/RGB-D information, Fiirst et al. [89] added the
laser radar to improve the posture estimation performance.
Based on the end-to-end architecture using RGB and lidar,
a method for forecasting absolute 3D human body posture
with high precision was proposed. In addition, they intro-
duced a method of weak supervision simultaneously, in
which 3D prediction is generated by 2D pose annotation. In
[98], the problem of intention recognition in different

environments is solved by training a visual perception net-
work based on human motion capture, and a conditional
probability solution of specific environmental features was
calculated through the discriminant sensor network jointly
trained with long short-term memory and multilayer per-
ception. Moreover, human-robot interaction datasets
should be established based on different scenarios for
model training. Luo et al. [99] proposed a human pose esti-
mation method based on a constrained image structure
model, which utilized the tracking algorithm to detect the
position and size of the target in the images. Then, the
GrabCut algorithm was used to extract foreground infor-
mation as the input of the estimation stage. Finally, the pri-
mary segmentation method is applied in the estimation
stage so that the proposed method can reduce the network
input’s search space and the cost of model calculations.

Facial Expression Recognition

Human expressions can intuitively reflect the elderly’s
current state (e.g., anger, joy, and surprise). The robot can
recognize human expressions extracted from facial fea-
tures, providing a reliable basis for the robot to take cor-
responding countermeasures. The current mainstream
facial expression recognition technology mainly adopts
data-driven methods, which consider the recognition
process a classification or regression problem, such as
obtaining a specific facial expression format from the
input image or sequence [100] and rating users’ emotions
through facial expressions [101].

In general, the change in human expression is a dy-
namic process. Therefore, in some methods, dynamic
information about facial expressions is considered by
extracting spatiotemporal features and using dynamic
learning methods. Yu et al. [91] proposed a deeper cascad-
ed peak-piloted network that uses a more profound and
extensive architecture to increase the discriminative abil-
ity of the learned representations. Liu et al. [92] balanced
the complex distribution of intraclass and interclass vari-
ations by combining the deep metric loss and softmax
loss in a unified two fully connected layer branch frame-
work via joint optimization to obtain better facial expres-
sion recognition performance.

Hand Gesture Recognition

Gesture recognition based on vision is already very
mature. It often uses visual sensors to extract human ges-
tures from the environment and then employs various
algorithms to extract and classify gesture features from
the image. Service robots can complete some basic tasks
according to the gesture information obtained. A complete
vision-based gesture recognition system generally includes
the following three modules: detection, tracking, and rec-
ognition [102]. The detection module mainly includes ges-
ture segmentation from image frames, while tracking can
provide users with real-time recognition in a dynamic
environment. Tam et al. [85] realized real-time hand
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gesture recognition by leveraging a wearable HD-sEMG
sensor with a CNN to classify muscle activity. Zanghieri et
al. [90] used TEMPONet to address the temporal variabili-
ty problem, which can greatly affect the intersession gen-
eralization of SEMG-based hand gesture recognition.

Audio Signal

Language is the primary way of conveying instructions
between humans and robots. It is almost the most com-
mon way to identify an individual’s intentions, where the
elderly communicate their intentions directly to the robot
through voice communication. Therefore, giving robots
voice communication capabilities can improve their inter-
action with the elderly. Language ability can improve the
rapport between users and their robot assistants, allowing
the elderly to obtain more satisfactory services from their
robot companions and give robots more trust. In addition,
verbal commands can make up for other signals of inten-
tion recognition to some extent. For example, it is difficult
for robots to recognize facial expressions and hand ges-
tures when encountering the elderly who have wrinkles on
their faces and are unable to act.

Audio signals are often parsed into semantic fragments
that robots can understand through speech recognition
and natural language processing. In [93], Wang et al. pre-
sented a sequence-to-sequence model to translate natural
language instructions into action sequences, using Bidirec-
tional Encoder Representations from Transformers as the
encoder and the decoder transformer as the language gen-
erator to plan for the visual semantic environment. Tiwari
et al. [94] developed a domain-agnostic framework, which
creates natural language interfaces for computer-
controlled systems. The proposed framework employed
ontologies built using Web Ontology Language for knowl-
edge representation and machine learning models for lan-
guage processing tasks. In another work [80], Mohit et al.
proposed a language conditional IL agent framework, CLI-
Port, to solve assigned tasks that are not explicitly repre-
sented by object posture, instance segmentation, symbolic
state, and syntactic structure. However, it is important to
point out that most speech recognition technologies have
strict requirements for input, which may bring several
problems for the elderly who cannot speak clearly and
have an accent. A practical solution is to use multimodal
signal fusion models for service robots, which is discussed
in the following section.

Multimodal Signal Fusion Model

To meet various aspects of the needs of elderly users and
improve the correctness of decision making, service
robots working for elderly people in a specific environ-
ment should take multichannel sensor information as
input. After the sensors receive the signals from the
human body, the robot needs to fuse and analyze the mul-
timodal sensor information to obtain the estimation of
human intentions.

Research on multimodal signal fusion methods stems
from three main benefits. First, interpreting the same phe-
nomenon from different signal sources can effectively
improve the system’s robustness. Second, accessing differ-
ent signals can capture complementary information that
would be difficult to obtain in a separate mode. Third, mul-
timodal systems can keep operating when one of these
models is missing. For example, the system can alternately
identify emotions from visual signals when the person can-
not speak [103].

Learning-based methods have presented excellent per-
formance when processing high-dimensional sensing sig-
nals. In addition, these methods are more robust for
environmental changes and complex scenes, which makes
knowledge transfer easy. Deep learning models have been
successfully applied to many cases, e.g., speech recogni-
tion, image processing, natural language processing, and
emotion analysis. Therefore, this article focuses on multi-
modal signal processing methods based on learning.
Baltrusaitis et al. [104] described machine learning meth-
ods as model-based approaches, and three approaches for
multimodal fusion are categorized, i.e., multiple-kernel
learning (MKL) [105], graphical models, and NNs. MKL
takes advantage of different kernels for different modali-
ties of the data. The main applications include multimodal
emotion recognition and analysis, object classification
[106], and behavior recognition [107]. Filippone et al. [108]
applied MKL to neural image data processing. Each kernel
corresponds to either an imaging modality or an anatomi-
cally labeled region. Poria et al. [109] leveraged MKL to
conduct emotion recognition and sentiment analysis by
classifying features from visual and textual modalities.
Due to the ability of graphical models to efficiently exploit
the spatial and temporal structure of the data, models,
such as the conditional random field (CRF), are also well-
known to deal with multimodal information [104]. Chang
et al. [110] proposed a CRF model for gesture recognition.
In this case, the unary term is formalized by applying a
generative probabilistic approach and defined in a non-
parametric manner. Consequently, different cues from the
multiple features can be probabilistically fused into the
unary potential.

To address the ambiguity of instructions in vision and
language tasks, Hao et al. presented a pretrained encoder
to align language instructions and visual states as joint
representations [111]. The model takes image—text—action
triplets at each time step as input and outputs the predic-
tion of masked word tokens and following actions. Zeng et
al. [112] adequately considered multiple modalities missing
in sentiment analysis. They designed a tag that encoded
the module to focus on the missing modalities and lever-
aged a transformer encoder—decoder network to learn the
missing modality features. Kumar et al. [112] used a text
transformer as the textual encoder and combined the fast-
er RCNN with a ResNet feature extractor as an optical
encoder to conduct practical feedback synthesis.
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Challenge

Experimental Design

Although we have reviewed various approaches to imple-
menting the perception and learning functions of elderly
service robots, integrating these technologies into the care
environment is still a considerable challenge. From this
study, there are several notes, which are as follows:

1) How do we seamlessly integrate subsystems of elder-
ly service robots?

2) How can the simulation result be transferred to actual
service robots?

3) How can benchmarking approaches be designed for
elderly service robots?

4) How do we design elderly service robots that deliver
effective, robust, and ethical care under a specific
context, such as a user’s health condition and the
deployment site and duration?

Undoubtedly, powerful simulation can significantly help
researchers when developing robotic applications. It is pos-
sible to fuse various algorithms and test comprehensive
robotic ability under different conditions. The research of
robotic deep RL has proved the great promise of simulated
control for robotic skill learning [114]. However, even the
perfect simulation is still different from the real-world set-
tings when the robot works. One solution is to increase the
task difficulty when training algorithms and evaluate the
performance of robots in the real world. Then the closed
loop from the real world to the simulation can be realized
so that the following virtual world will become more accu-
rate, and our trained robot will perform better. In addition
to training algorithms with simulators, another way is to
use Wizard of Oz to bypass technical limitations [115]. For
example, considering the design requirements and users’
reception, human operators can control the robot directly
to provide prior knowledge, which can effectively improve
the performance of robots during human-robot interac-
tion. As previously discussed, human-robot interaction
contains two main parts: physical collaboration and a cog-
nitive aspect. Benchmarking approaches for elderly service
robots should comprehensively consider the subjective
feedback of the elderly and the quality of task execution.

Trust Issue
The attitudes of the elderly are usually fragile and some-
times even eccentric. To effectively maintain long-term,
stable, and harmonious communication between the aged
and robots, research regarding trust and other ethical con-
siderations during human-robot collaboration plays an
important role [116], as trust comes from the security
brought by robots and directly affects the willingness of
humans to collaborate. We believe that the elderly’s trust
in robots is a significant factor in measuring the perfor-
mance of robots.

Trust and safety issues are multifaced in human-robot
interaction, where human safety should be a priority. In

2016, the International Organization for Standardization
(ISO) promulgated an industrial standard (ISO/Technical
Specification 15066:2016) for collaborative robots [117],
which specifies the criteria for safe physical contact during
human-robot interactions. During motion planning, collab-
orative robots need to refer to the human body and detect
collisions according to the physical contact position. Some
studies [118], [119], [120] have shown that the reasonable
consideration of ergonomics and robots cooperating by
adapting to human motion can help improve the work qual-
ity of cooperative robots, thus enhancing people’s trust in
robots. Debora et al. [121] studied the influence of anthro-
pomorphic robots on human trust during human-robot
interactions and showed that humans are more willing to
accept a less humanlike robot. Conversely, Samuele et al.
[122] investigated a scene where a robot is a trustor, focus-
ing on a humanoid robot’s cognitive architecture using the-
ory of mind. In addition, high-performance collaborative
robots are often expensive, so the safety of robots when
working also affects human trust to a certain extent.

Just as humans are more likely to believe in workers
with solid abilities, collaborative robots’ efficiency and
quality directly affect human trust during human-robot
collaboration. An excellent service provider should be able
to pay attention to the elderly’s preferences and privacy
issues. In addition, robots need to ensure the safety of
objects when performing tasks. For example, when hand-
ing over a cup of water, robots should avoid a collision
between the cup and the external environment and keep
the cup as stable as possible to prevent water from spill-
ing. This should be especially considered when robots
manipulate valuable, dangerous, and fragile objects.

Learning Capability

A major challenge in the accompanying environment is a reli-
able and real-time response of the robot according to many
possible tasks. In this context, robots must be capable of
staying on standby for a long time and performing some more
complex tasks. For example, consider a common task where
an older man asks the robot to take out the garbage. The
robot assistant should be able to clean up the garbage and
throw it away at the designated location, which includes sev-
eral tasks, such as navigation, positioning, and classification.
Obviously, a simple function configuration cannot meet such
requirements, and a complex task often requires a robot to
possess dozens of essential skills and combine them.

Several works related to LfD divide skills into low-level
skills and high-level skills, and a high-level skill can be
considered a set of low-level skills [14], [113], [123]. Howev-
er, current research in robot skill learning focuses on
respective work (i.e., navigation, walking, and handover).
Consequently, there is no unified robot platform to inte-
grate these tasks. In addition, the effect of robot skill
learning based on data directly relies on the accuracy and
generalization of data, leading to an inability to guarantee
the robot’s performance in the natural environment.
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Conclusion

In this review, different aspects of elderly service robots
were discussed. We investigated several components of
human-robot interaction, such as environment perception,
compliance control, and intention recognition. To accompa-
ny and attend to the elderly, service robots should be
equipped with sophisticated sensors to perceive the unstruc-
tured and dynamic surrounding environment. Furthermore,
considering the various needs of the elderly in practice, how
to design inbuilt complex algorithms for elderly service
robots related to intention recognition and robot skill learn-
ing is another critical problem. Only when the robot correct-
ly recognizes the human intention and completes the
corresponding task efficiently can the process of human—
robot collaboration be considered successful. Finally, we put
forward several challenges in maintaining stable and harmo-
nious communication and cooperation between humans and
robots (e.g., the trust issue). We believe this review covers
the essential elements of elderly service robots and can pro-
vide a starting point for researchers interested in robotics.
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