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ABSTRACT
The  field  of  Artificial  Intelligence  (AI)  is  witnessing  a  rapid  evolution  in  the  field  of  emotion  quantification.  New  possibilities  for
understanding and parsing human emotions are emerging from advances in this technology. Multi-modal data sources, including
facial  expressions,  speech,  text,  gestures,  and  physiological  signals,  are  combined  with  machine  learning  and  deep  learning
methods in modern emotion recognition systems. These systems achieve accurate recognition of emotional states in a wide range
of  complex  environments.  This  paper  provides  a  comprehensive  overview  of  research  advances  in  multi-modal  emotion
recognition techniques. This serves as a foundation for an in-depth discussion combining the field of AI with the quantification of
emotion, a focus of attention in the field of psychology. It also explores the privacy and ethical issues faced during the processing
and analysis of emotion data, and the implications of these challenges for future research directions. In conclusion, the objective of
this paper is to adopt a forward-looking perspective on the development trajectory of AI in the field of emotion quantification, and
also  point  out  the  potential  value  of  emotion  quantification  research  in  a  number  of  areas,  including  emotion  quantification
platforms and tools, computational psychology, and computational psychiatry.
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Emotion  recognition  technology,  especially  multi-modal
emotion  recognition,  has  become an  important  branch  of
research in the field of Artificial Intelligence (AI). With the

increase in computing power and the advancement of algorithms,
emotion  recognition  technology  continues  to  mature,  and
application areas are expanding from laboratory research to actual
commercial  and  social  applications[1].  The  core  challenge  of
emotion  recognition  is  to  accurately  identify  human  emotional
states  from  complex  and  diverse  data,  which  requires  not  only
strong technical support, but also a deep understanding of human
emotional  expression  and  change[2].  Machine  perception  and
analysis  of  human emotional  states  can significantly  improve the
human-computer  interaction  capabilities  of  robots  or  computer
systems.  multi-modal  emotion  recognition  has  received
widespread  attention[3] because  it  fuses  multiple  perceptual
channels  such  as  visual,  auditory,  and  haptic,  providing  a  more
comprehensive analysis of emotion than a single modality.

In  this  paper,  we  focus  on  emotion  recognition  techniques,
specifically  the  analysis  and recognition  of  emotional  states  from
information collected from different data sources, including facial
emotion  recognition,  voice  emotion  recognition,  gesture
recognition,  multi-modal  emotion  recognition,  and  emotion
recognition techniques based on other physiological signals. These
different  data  sources  are  able  to  provide  complementary
information  about  an  individual’s  emotional  state,  which  greatly
improves the accuracy of emotion recognition.

In  addition,  this  paper  takes  an  AI  perspective  on  emotion
quantification research and present the results of current research
in  emotion  quantification  and  classification[4],  emotion  change
feature extraction,  quantitative analysis  of  personality traits[4],  and

quantitative interventions for mental health.
Meanwhile,  this  paper  also  explores  emotion  quantification

research  in  non-AI  fields  such  as  automation,  physiology,  and
psychiatry[4, 5],  highlighting  the  urgency  of  developing  efficient
emotion quantification tools and methods. These studies have not
only  demonstrated  the  potential  of  AI  technology  in  emotion
quantification,  but  also  validated  its  significant  value  in  mental
health-based emotion regulation and intervention.

Finally,  based  on  the  technological  path  of  emotion
quantification,  this  paper  looks  forward  to  the  development
direction of computational psychiatry in the future, exploring how
to  build  accurate  computational  models  and  make  practical
progress in the field of quantitative identification of emotions such
as depression, loneliness, anxiety, and stress, which will ultimately
facilitate the monitoring, diagnosis, and intervention treatment of
human mental health. 

1    Advance in Emotion Recognition Technology
Research
Emotion recognition technology is particularly important because
of  its  central  role  in  human-computer  interaction[6].  This
technology  enables  machines  to  understand  and  respond  to
human emotions, greatly improving the user experience, and has
played a key role in education[7, 8], healthcare[9], care services[10], and
other  areas.  In  addition,  emotion  recognition  has  shown  its
potentially  significant  value  in  monitoring  mental  health  and
providing emotional support.

With  the  rapid  development  of  artificial  intelligence,  emotion
recognition  technology  has  evolved  from  preliminary  expression
recognition  to  complex  multi-modal  recognition  systems.  These 
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systems  comprehensively  determine  an  individual’s  emotional
state  by  integrating  multiple  data  sources  including  speech,  text,
facial  expressions  and  physiological  signals.  A  variety  of
algorithms and models have been applied to emotion recognition,
such  as  support  vector  machines,  neural  networks  and  deep
learning,  and  these  techniques  have  demonstrated  high  accuracy
in laboratory environments, but still  face challenges in real-world
applications.  In  facial  expression  recognition,  deep  learning,
particularly  deep  Convolutional  Neural  Networks  (CNNs)[11],  has
been widely used to extract features from complex facial images to
effectively  detect  and  classify  different  emotional  expressions.
These  models  rely  on  large  amounts  of  image  data  for  training
and  are  able  to  accurately  predict  emotional  states.  Natural
Language  Processing  (NLP)  techniques  are  equally  important  in
textual  sentiment  analysis,  which  assesses  the  author’s  emotions
by analysing the emotional colors in social media text[12], including
emotion  classification  (positive,  negative,  neutral)  and  intensity
measurement.  In  addition,  machine  learning  techniques  excel  in
physiological  data  analysis  to  identify  physiological  markers  of
emotional  arousal  by  analysing  physiological  indicators  such  as
heart  rate  variability[13],  electrical  skin  response[14],  etc.,  and  to
comprehensively  assess  the  emotional  state  by integrating a  wide
range of physiological signals.

With  the  rapid  development  of  emotion  computing
technology,  emotion  recognition  technology  has  evolved  from
simple  expression  recognition  to  complex  multi-modal
recognition systems.

These  systems  comprehensively  determine  an  individual’s
emotional state by integrating various data sources such as speech,
text, facial expressions and physiological signals as shown in Fig. 1.
A  variety  of  algorithms  and  models  have  been  applied  to
mainstream affective computing for emotion recognition, such as
support vector machines, neural networks, deep learning, etc., and

these  techniques  have  demonstrated  high  accuracy  in  laboratory
environments, but still face challenges in real-world applications. 

1.1    Expression emotion recognition technology
In  the  field  of  expression  emotion  recognition  techniques,  the
recognition  and  generation  of  facial  expressions,  micro-
expressions  and  dynamic  expressions  are  key  ways  of
understanding and analysing human emotions.  These techniques
range  from  the  simple  capture  of  static  expressions  to  the
continuous  monitoring  of  dynamic  expression  changes,
demonstrating  the  wide  range  of  applications  of  artificial
intelligence in complex emotion analysis tasks.

Facial  Expression  Recognition  (FER). In  the  field  of  FER
techniques,  the  recognition  and  generation  of  facial  expressions,
micro-expressions,  and  dynamic  expressions  are  key  tools  for
understanding and analysing human emotions.  These techniques
not  only  range  from  simple  capture  of  static  expressions  to
continuous  monitoring  of  dynamic  expression  changes,  but  also
demonstrate the wide range of applications of artificial intelligence
in  complex  emotion  analysis  tasks.  Facial  expression  recognition
techniques detect and classify changes in a person’s expression by
analysing  facial  images  to  infer  their  emotional  state.  Deep
learning,  in  particular  convolutional  neural  networks,  is  widely
used  in  this  field  due  to  its  excellent  performance  in  image
recognition tasks. Deep learning has been shown to be effective in
recognising  emotions  from “neutral” to “fear” and  from
“happiness” to “pain”.  Deep  learning  has  been  shown  to  be
effective  in  recognising  emotions  from “neutral” to “fear” and
from “pleasure” to “pain” in order to accurately interpret complex
emotional states[15].

Facial Micro-expression Recognition (FMiR) focuses on brief
and  minute  facial  expressions[16],  which  usually  occur  when  a
person is trying to hide his or her true emotions. Current research
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Facial Micro-expression Recognition (FMiR)

Dynamic Facial Expression Recognition (DFER)

Complex Expression Generation (CEG)

Speech Emotion Recognition (SER)

Text Emotion Recognition (TER)

Emotion Recognition Applications based on speech acoustic features (ERA)

Skeleton-based Emotion Recognition (SkeER)

Pose-based Emotion Recognition (PER)

Multimodal Emotion Recognition (MER)

Brain-Computer Interface (BCl)

Virtual Reality (VR)

Internet of Thing sensors (IoT)

Fig. 1    Dominant technological directions in mainstream affective computing.
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is  exploring  how  to  capture  these  brief  and  subtle  facial
movements[17] using  high-speed  cameras  and  fine  image
processing techniques, combined with deep learning techniques[18]

to  capture  fine  features  that  provide  a  more  realistic  analysis  of
emotions.

Dynamic  Facial  Expression  Recognition  (DFER) focuses  on
changes  in  facial  expressions  over  time,  which  includes  not  only
static  facial  information  analysis,  but  also  invalid  frame  removal
during  dynamic  expressions[19],  contextual  relationships  between
intra- and  inter-pair  frames[20],  static  appearance  of  expressions
and  dynamic  movements,  information  mining[21],  etc.  The
potential  value  of  dynamic  expression  recognition  techniques  is
enormous.  For  example,  the  ability  to  extract  facial  emotional
features  from  video  frames  in  real  time  and  effectively  predict
student  engagement  and  emotional  state  using  a  single  efficient
neural  network  based  method  developed  by  Savchenko  et  al.[22]

demonstrates  the  practical  application  of  this  technique  in
educational technology.

Complex  Expression  Generation  (CEG) techniques  are
rapidly  evolving  through  deep  learning  approaches  and  Large
Language  Models  (LLMs).  Deep  learning  frameworks  such  as
Generative  Adversarial  Networks  (GANs)  and  Variational
Autocoders  (VAEs) excel  at  recognising and generating dynamic
and  micro-expressions,  e.g.,  the  GAN  model  evoGAN[23],  which
incorporates optimization algorithms, exemplifies the potential of
generating  complex  quantified  expressions.  In  addition,  LLMs
such as SORA, which combines visual  and textual  data in multi-
modal  application  scenarios,  have  been  able  to  generate  facial
expressions  that  are  closely  linked  to  verbal  commands,  greatly
enhancing  the  realism  and  interactivity  of  virtual  characters[24].
These  techniques  are  particularly  important  for  areas  such  as
video games, virtual reality, and emotional health diagnosis.

Despite  considerable  advances  in  the  techniques  used  to
recognize facial expressions, the accuracy of this process remains a
challenge  due  to  the  presence  of  blurred  expressions  and  poor
image quality.  To illustrate,  the  self-correcting network proposed
by Wang et al.[25] enhances the quality of training samples through
a  self-attention  mechanism  and  a  relabelling  mechanism,  which
effectively  mitigates  uncertainty  in  the  recognition  process.
Furthermore,  the adaptive correlation loss proposed by Fard and
Mahoor[26] enhances the efficacy of expression recognition in field
settings  by  optimizing  the  correlation  between  feature  vectors  of
analogous  samples.  With  regard  to  the  implementation  of
technology,  Zhang  et  al.[27] put  forth  a  novel  federated  learning
framework  for  unsupervised  multi-domain  face  recognition  after
motion. This framework employs adversarial learning to enhance
the recognition efficacy of the federated framework across diverse
domains.  The  Medjden  team’s[28] adaptive  user  interface  design
through  RGB-D  sensor  integration  effectively  detects  and
responds  to  the  user's  emotional  state,  thereby  improving  the
personalization and usability of the user interface. This plays a key
role  in  enhancing  the  user  experience.  These  advances  not  only
demonstrate  technological  innovation,  but  also  provide  new
directions for the practical application of emotion recognition.

Overall, the development of expression recognition technology
not only promotes in-depth research on AI in the field of emotion
recognition,  but  also  provides  practical  tools  for  a  variety  of
application  areas,  such  as  mental  health  assessment,  education,
and  customer  service.  With  in-depth  research  and  continuous
improvement  of  the  technology,  future  emotion  recognition
technology  will  be  more  accurate,  intelligent,  and  sensitive,
providing  more  powerful  support  for  understanding  and
responding to human emotions. 

1.2    Speech emotion recognition technology
Speech  emotion  recognition  technology  occupies  an  important
position  in  the  current  field  of  artificial  intelligence,  and  analysis
technology  based  on  speech  acoustic  features  has  become  an
important  means  of  identifying  human  emotional  states.  Recent
research  results  have  highlighted  the  effective  application  of
acoustic  modeling,  deep  learning,  and  NLP  in  emotion
recognition and analysis.

Audio  Emotion  Recognition  (AER) technology  has
significantly  improved  the  accuracy  of  emotion  analysis  by
integrating  fuzzy  logic  with  NLP.  This  technology  effectively
detects and responds to the user’s emotional state, enhancing the
fluidity  and  naturalness  of  human-computer  interaction[29].  The
use  of  mixed  emotion  models  for  emotional  speech  conversion
not  only  improves  the  naturalness  and  realism  of  emotion
recognition[30],  but  also  demonstrates  the  potential  to  simulate
complex  emotional  responses  in  scenarios  without  direct  human
involvement[31]. In addition, the use of emotional feature detection
techniques  to  identify  deepfake  speech  enhances  the  security  of
the system[32]. The development of emotional speech databases has
greatly  enhanced  the  ability  of  speech  generation  systems  to
control emotional dimensions, which is crucial for improving the
accuracy  and  effectiveness  of  speech  systems  in  processing
emotional data[33].

Text  Emotion  Recognition  (TER). In  the  field  of  TER,  this
technology  plays  an  irreplaceable  role  in  Natural  Language
Understanding  (NLU).  By  analysing  user  behavior  on  social
media,  researchers  are  able  to  identify  and  quantify  emotional
features[12].  In  addition,  a  multi-modal  sentiment  analysis  model
based  on  interactive  attention  mechanisms  can  combine  text,
audio,  and  video  data  to  significantly  improve  the  accuracy  of
sentiment  recognition[34].  By  using  a  context-based  sentiment
recognition model,  the  researchers  demonstrated the  potential  of
applying  NLU  techniques  in  processing  multilingual  texts[35].
Meanwhile, a hybrid sentiment detection approach by combining
contextual  and  semantic  analysis  aims  to  improve  the  accuracy
and  complexity  of  sentiment  classification[36].  In  addition,  by
comparing  different  machine  learning  algorithms  and  logistic
regression  models  optimized  by  genetic  algorithms,  the
researchers  improved  sentiment  detection  methods  in  text  and
searched for the most effective method[37].

Application of emotion recognition based on speech acoustic
features. Emotion recognition based on speech acoustic features is
an  important  research  direction  in  the  field  of  artificial
intelligence,  where  these  techniques  use  advanced  acoustic
modeling,  deep  learning,  and  natural  language  processing
techniques to achieve accurate recognition of emotional states and
generation  of  emotionally  driven  responses.  A  comprehensive
review of this field[38] identifies the applications of acoustic features
in  emotion  recognition  and  delineates  future  research  directions
and challenges.

In  addition,  a  new  method  combining  deep  convolutional
neural  networks  and  acoustic  features[39] has  achieved  more  than
93% accuracy in emotion recognition, demonstrating the potential
of  these  techniques  for  real-world  applications.  Ahmed  et  al.[40]

used deep learning techniques for speech emotion recognition to
improve the system’s ability to be used in real-world applications,
especially  in  human-computer  interactions  with  naturalness  and
fluency.  The  review  by  Lope  and  Graña[41] highlights  the  critical
role  of  acoustic  features  in  understanding  human  emotions  and
explores the limitations of current techniques and possible future
research  directions.  Daneshfar  and  Jamshidi[42] explored  the
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potential  and adaptability  of  these  techniques  through the  use  of
nonlinear  echo  state  networks  in  a  meta-universe  environment
using an octonionic number base for speech emotion recognition,
demonstrating the promise of emotion recognition techniques for
complex environments. Carvalho et al.[43] also explored approaches
to sentiment and emotion analysis  using IBM’s  natural  language
processing  technologies,  highlighting  the  potential  of  these
techniques for parsing sentiment expressions in social media and
other  textual  data.  In  addition,  Zhang’s[44] research  focuses  on
using  deep  learning  to  process  sentiment  analysis  in  Japanese,
improving the accuracy and semantic understanding of sentiment
recognition.

Speech  emotion  recognition  technology  is  not  only  evolving
towards  more  accurate,  comprehensive,  and  richer  semantic
understanding,  but also providing powerful  technical  support for
mental health assessment and user experience optimization.

By  combining  acoustic  models  and  advanced  computational
methods,  researchers  are  able  to  extract  key  emotional
information from speech, providing a strong technical foundation
for  real-time  emotional  interaction  and  emotion-driven  human-
machine interface development. 

1.3    Gesture emotion recognition technology
In  the  development  of  gesture  emotion  recognition  technology,
significant  technological  advances  in  recent  years  are  particularly
reflected  in  the  comprehensive  use  of  multi-source  data,  which
greatly improves the accuracy and efficiency of  emotion analysis.
The  application  of  deep  learning  models  has  enabled  emotion
patterns from upper body movements  to facial  expressions to be
effectively  integrated  and  recognized[45],  providing  an  effective
means of emotion and gesture recognition through facial features
and dynamic motion vectors.

Novel skeleton recognition frameworks, such as SAGN[46], using
advanced graphical network structures, are able to deeply analyze
human  skeleton  movements,  which  not  only  optimizes  the
recognition  process  of  emotions  and  behaviors,  but  is  also
particularly  suitable  for  processing  dynamic  visual  data.  The
proposed  attention-enhanced  semantic-guided  graph
convolutional  network  AeS-GCN[47],  further  improves  the
efficiency  of  extracting  emotion  features  from  multi-source  data
and simplifies the complexity of data processing, thus significantly
improving  the  adaptability  and  accuracy  of  emotion  recognition
systems.

The  gesture  emotion  recognition  technique  also  introduces  a
two-stage multi-modal approach[48], which effectively acquires face
trajectories  and  character  trajectories  through  face  tracking  and
skeleton-based  character  tracking  techniques,  and  then  co-trains
the  multi-modal  features  in  the  same  semantic  space,  which
significantly improves the effect of emotion recognition.

By  2023,  de  Lope  and  Graña[41] discussed  in  detail  the
limitations  of  current  technology  and  looked  at  future  research
directions,  in  particular  how  gesture  data  can  be  used  more
efficiently  to  improve  the  accuracy  and  naturalness  of  emotion
recognition.  They  emphasized  that  human  gesture  data  provides
important  clues  about  human  emotional  states,  which  is  crucial
for  the  development  of  more  efficient  emotion  recognition
systems.

Daneshfar  and  Jamshidi’s  research[42] explores  the  potential  of
the  gesture-based  emotion  recognition  technique  for  application
in  meta-universe  environments,  and  their  research  demonstrates
the  adaptability  of  this  technique  in  complex  environments,
particularly  in  simulating  complex  human-computer  interaction
situations, through a non-linear echo state network.

Starting from the traditional  skeleton recognition,  the  gesture-
based  emotion  recognition  technique  has  gradually  developed
techniques  such  as  hemi-recognition  and  multi-modal  fusion
recognition,  which  enhances  the  effect  and  also  highlight  its
potential  application  value  in  improving  the  human-computer
interaction  experience,  and  provide  a  new  direction  and  strong
technical  support  for  the  future  research  and  application  of
emotion recognition. 

1.4    Multi-modal sentiment recognition techniques
In  the  field  of  multi-modal  sentiment  analysis,  recent
technological  advances  have  demonstrated  how  innovative
algorithms  and  model  optimizations  can  effectively  improve  the
accuracy  and  interpretability  of  sentiment  recognition.  Current
state-of-the-art  research  has  highlighted  the  use  of  pre-trained
models  and  advanced  neural  network  architectures  in  the
integration  of  audio,  visual  and  textual  data  to  improve  the
performance  of  sentiment  recognition  systems.  In  particular,  the
Explanatory Multi-modal Emotion Reasoning (EMER) method[49]

not  only  predicts  emotions  but  also  explains  the  motivations
behind these predictions, providing a new perspective on open-set
emotion  recognition  and  significantly  improving  the  reliability
and explanatory power of the system.

In  addition,  the  kernel-typical  correlation  analysis  technique
based  on K-means  clustering[50] improves  the  intermodal
heterogeneity in human-computer interaction by accurately fusing
multi-modal  features,  thus  increasing  the  accuracy  of  emotion
recognition.  The  combination  of  a  multi-channel  weight-sharing
self-encoder  and  a  cascaded  multi-head  attention  mechanism[51]

effectively  solves  the  heterogeneity  problem  in  multi-modal
emotion  recognition  and  improves  the  recognition  performance
on  a  public  dataset.  The  feature  decoupling  method  for  multi-
modal emotion recognition[52] enhances modal independence and
reduces distributional differences by mapping features to modality-
invariant and modality-specific subspaces.

In  terms  of  fusing  data  and  techniques  from  different
modalities,  the  introduction  of  assistive  tasks  has  been  shown  to
more  accurately  capture  and  align  emotionally  relevant  features,
thus  optimising  the  prediction  of  affective  states[53].  In  particular,
significant  progress  has  been  made  in  emotion  recognition  by
combining  Wav2Vec2.0  and pre-trained models  such as  Bert  on
audio  and  text  data.  This  approach  not  only  improves  the
accuracy of sentiment analysis through a multi-layered multi-head
attention mechanism, but also guides the network to capture key
sentiment information through auxiliary tasks, as demonstrated in
the results presented at ICASSP 2023[53].

Meanwhile,  the  application  of  learning  algorithms  in  the
analysis  of  multi-modal  data  is  very  promising,  which  not  only
improves  the  depth  of  the  methodology,  but  also  broadens  the
scope  of  applications  for  sentiment  recognition[54].  The
performance  of  multi-modal  feature  fusion  in  human-computer
interaction  has  been  effectively  enhanced  by  the  application  of
advanced  techniques  in  image  processing  and  behavioral
modeling, such as K-means clustering and kernel-type correlation
analysis[50]. The further development of these techniques, especially
real-time  emotion  expression  techniques  in  humanoid  robots,
provides  new  perspectives  and  tools  for  the  design  of  future
emotion recognition systems.

multi-modal  emotion  recognition  technology  has  become one
of  the  hottest  areas  in  current  affective  computing,  fully
demonstrating the possibility of achieving accurate recognition of
emotional  states  through  advanced  computational  models  and
algorithms. It provides a technical foundation for further emotion
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quantification  of  multidimensional  feature  acquisition  and
analysis in future practical applications. 

1.5    Other emotion recognition technologies
Brain-Computer  Interface  (BCI)-based  emotion  recognition
techniques. The  application  of  BCI  technology  to  emotion
recognition  has  made  significant  progress  in  recent  years,
particularly  in  the  accurate  and  reliable  detection  of  emotional
states.  Using  advanced  signal  processing  techniques  and  deep
learning  methods,  researchers  have  been  able  to  effectively
integrate  electronic  brainwave  (Electroencephalography  (EEG))
signals and significantly enhance EEG-based emotion recognition
through improved feature extraction and classification algorithms,
such as discrete wavelet decomposition[55].  In addition, the hybrid
BCI  system  combines  P300  potentials  and  emotion  patterns  to
improve  the  performance  of  emotion  and  conscious  state
detection in patients with disorders of consciousness[56].

In addition, Virtual Reality (VR) technology has emerged as an
effective  tool  for  inducing  and  detecting  emotions  in  emotion
research,  especially  when  combined  with  neurophysiological
measures  such  as  EEG,  providing  new  perspectives  for  a  deeper
understanding  of  emotional  responses.  Studies  have  shown  that
VR  environments  can  effectively  induce  emotions  by  simulating
immersive  scenarios,  while  accurately  monitoring  the  user’s
emotional state through physiological feedback mechanisms such
as  EEG[55].  For  example,  an adaptive  VR scene generation system
driven by EEG data can adjust the content according to the user’s
emotional  response  to  optimize  the  effect  of  the  psychological
intervention. In addition, continuous physiological and behavioral
emotion  annotation  datasets  provide  support  for  360-degree  VR
video,  improving  the  accuracy  of  emotion  recognition  and  the
evaluation  of  immersive  experiences[57].  Specific  examples  include
an  emotionally  adaptive  VR  experience  for  older  adults,  which
enhances  the  user  experience  by  dynamically  adjusting
environmental settings to alleviate stress and negative emotions[58].
Meanwhile,  the  flexible  VR  platform  adjusts  task  difficulty  and
skill  level  to  accurately  induce  and  recognize  specific  emotions,
providing  a  precisely  controlled  environment  for  emotion
recognition.  These  applications  not  only  improve  the
methodology of emotion research, but also extend the potential of
VR technology in mental health interventions and user experience
enhancement.

The development of  these technologies  not  only provides new
tools for understanding human emotion processing mechanisms,
but also promotes the application of BCI in areas such as mental
health  management  and  psychotherapy.  Meanwhile,  VR  as  a
technological  tool  has  demonstrated  its  unique  advantages  and
prospects for wide application in the field of emotion recognition
and management, especially when combined with advanced signal
processing  and  machine  learning  techniques  that  can  provide
more accurate data support for emotion recognition.

Finally,  research  into  emotion  recognition  in  multi-modal
physiological  measures  continues  to  demonstrate  its  far-reaching
impact,  particularly  in  the  ability  to  fuse  different  sensor  data  to
accurately quantify human emotions. By combining electrical skin
responses  and  electrocardiogram  signals,  researchers  have
successfully  developed  interpretative  feature  selection  methods
that  have  demonstrated  high  effectiveness  in  distinguishing
between  emotional  states  on  the  activation  and  pleasure
dimensions,  effectively  improving  the  accuracy  of  emotion
classification[14].  Meanwhile,  the  construction  of  the  multi-modal
emotion  recognition  platform  further  improves  the  data
synchronization  from  EEG  and  eye  movement  technology  to

expression  monitoring,  and  achieves  the  precise  fusion  of  the
three signal types based on EEG, thus optimizing the accuracy and
efficiency of emotion recognition[59].

Privacy  preserving  stress  detection  systems  have  also  made
important  advances  in  this  area,  using  physiological  data  for
effective emotion and stress  detection through federated learning
algorithms  without  violating  user  privacy[60].  In  addition,  the
psychophysiological analysis approach has been widely applied to
multi-modal  systems,  providing  new  tools  and  perspectives  for
emotion  research  by  assessing  the  user’s  emotional  state  during
task performance through psychophysiological feedback devices[61].
The  hybrid  multi-modal  emotion  recognition  framework
significantly improves the performance of emotion recognition by
combining  generalized  hybrid  functions  and  multi-view  learning
methods,  effectively  handling  the  heterogeneity  of  emotion  data,
further  confirming  the  value  of  this  technique  for  application  in
user experience evaluation[62].

Despite the considerable benefits that affective computing offers
in  terms  of  privacy  protection,  multi-modal  analysis  and  hybrid
framework  applications,  the  field  is  confronted  with  four
significant challenges. These relate to the psychological complexity
of  human  beings,  the  diversity  of  cultures,  and  the  necessity  for
further refinement in order to facilitate practical applications.

Firstly, current affective computing techniques lack the capacity
to  enhance  the  understanding  of  the  interaction  between
emotions  and  personality  traits.  Given  the  intricate
interconnections  between  emotions  and  personality
characteristics, and the constraints of existing models in capturing
the  nuances  of  emotional  responses,  future  AI  emotion
quantification  techniques  could  integrate  more  comprehensive
psychological  theories.  Secondly,  the  existing  techniques  for
computing  emotions  are  not  yet  adapted  to  cross-cultural
characteristics.  In  order  to  address  the  cultural  dependence  of
emotion models, it would be beneficial for researchers to conduct
extensive  cross-cultural  data  collection  and  analysis  in  order  to
construct  more  inclusive  and  universal  emotion  recognition
models.  Furthermore,  existing  affective  computing  technologies
should also consider the fine-grained modeling of personalization
and individual differences.

Finally,  in  consideration  of  the  individual  differences  in
emotional experience, future model development should focus on
personalization.  This  can  be  achieved  by  utilising  big  data  and
reinforcement  learning  techniques  to  provide  customized
sentiment analysis services for each user. 

2    Research in AI-Based Emotion Quantification
The  importance  of  emotion  quantification  is  particularly
prominent in the field of psychology, as it relates to understanding
and measuring the nuances of human emotions,  which is crucial
for  mental  health  assessment,  treatment  and  emotional
understanding.  By  using  AI  techniques,  particularly  machine
learning  and  deep  learning,  researchers  are  able  to  extract
emotional  information  from  large  amounts  of  complex  data  to
enable more accurate predictions and analysis of emotional states.
To  illustrate,  AI  algorithms  are  capable  of  accurately  quantifying
changes  in  emotional  expression  when  analyzing  facial
movements.  This  enables  the  manipulation  of  emotions[63],  for
instance,  from a  neutral  state  to  a  positive  or  negative  emotional
state,  with the resulting change being quantified from 0 to 100%.
Furthermore,  the  application  of  quantum  heuristics  and
variational quantum state fidelity estimation shows great potential
for quantifying emotions in real-time scenarios[64].
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Exploring  fine-grained  analyses  of  sentiment  using  LLMs  not
only  helps  in  sentiment  classification,  but  also  quantifies  the
magnitude  of  each  emotion  in  a  sample,  providing  a  new
approach to understanding complex sentiment composition[65].  In
addition,  a  nonlinear  speech  modeling  approach  through
nonlinear  multi-fractal  analysis  reveals  the  complexity  of  speech
signals  in  different  affective  states,  providing  a  new  language-
independent sentiment quantification strategy[66].

While  these  technological  advances  provide  powerful  tools  for
quantifying  emotion,  they  still  face  challenges  in  terms  of
psychological  interpretability.  The “black  box” nature  of  deep
learning  models  limits  their  application  to  psychological
interpretation,  as  these  models  often  struggle  to  reveal  their
internal  decision-making  processes[67].  This  is  particularly
problematic  in  psycho-therapeutic  and  clinical  applications,  as
these  fields  rely  on  a  deep  understanding  of  the  psychological
reasons behind emotional states.

Furthermore, cultural differences are a challenge that cannot be
ignored  in  the  application  of  globalized  sentiment  analysis.
Differences  in  sentiment  expression  across  cultures  can  lead  to
algorithms  misinterpreting  or  misclassiying  sentiment
expressions[68].  Therefore,  the  development  of  emotion
quantification models  and algorithms that  can operate  effectively
across cultures is an important direction for future research.

To improve the effectiveness and psychological  interpretability
of  AI  applications  in  emotion quantification,  researchers  need to
develop  more  transparent  and  interpretable  models[69, 70].  These
models should be able to provide detailed information about their
decision-making  processes  and  be  adaptable  to  the  needs  of
emotion recognition in different cultural contexts.

However,  while  significant  progress  has  been  made  in
quantifying  emotions  and  personality  traits  in  contemporary
psychology  as  shown  in Fig.  2,  reflecting  the  fact  that  accurate
description and measurement of personality and emotional states
are crucial for both theory and application. These approaches have
limitations in the following four areas.
● Complex  interactions  between  emotion  and  personality

traits. The subjective  and dynamic nature  of  affective  experience
is  difficult  to  capture  in  quantitative  models  of  emotion.  For
example,  Mehrabian[71] used  Pleasure-Arousal-Dominance  (PAD)
models to examine the relationship between personality traits and
affective states, but these models do not capture the complexity of
affective  responses.  In  addition,  Plutchik  and  van  Praag[72]

suggested  that  the  relationship  between  emotion  and  behavior  is
more  complex,  particularly  in  situations  involving  violent
behavior,  and  that  the  explanatory  power  of  quantitative  models
of emotion is questioned.
● Cultural  dependence  of  models  of  affect. The  cultural

dependence of  quantitative models  of  emotion limits  their  global
applicability. The same expression of emotion may have different
meanings  and  consequences  in  different  cultural  contexts,  as
shown in Mehrabian’s study[73], but his study was mainly based on
Western culture, which is particularly important in cross-cultural
research,  e.g.  Mehrabian’s  study[74] showed  that  cultural  context
profoundly affects the interpretation and expression of emotion.
● Methodological  limitations  of  affective  measures. The

results  of  self-report  questionnaires,  the  primary  data  collection
instrument,  are  susceptible  to  the  psychological  state  of  the
respondent and social expectations. This method is not effective in
capturing  immediate  and  dynamic  changes  in  emotions[75].  In
addition,  there  is  an  inherent  bias  between  the  subjective
experience of emotion and the objective measurement of the scale,
such  as  the  contradiction  between  the  multidimensionality  of
emotional experience and the single dimensionality of the scale as
pointed out by Mehrabian[74].
● Quantitative  models  and  individual  differences.

Quantitative  models  of  emotion  emphasize  group-level
regularities  and  ignore  significant  differences  in  emotional
experience between individuals. This is confirmed by Mehrabian’
s[73] study  in  which  individual  differences  in  affective  responses
were significant but often ignored by quantitative models.

Given  the  significance  of  emotion  quantification  in
psychological research, this method offers a precise assessment of
emotional  state.  Furthermore,  it  has  the  potential  to  inform
mental  health  assessment,  therapeutic  interventions,  and
communication  in  everyday  contexts.  Therefore,  research  on  AI
emotion  quantification  that  incorporates  psychological
interpretability is crucial. 

3    AI  Emotion  Quantification  Research
Incorporating Psychological Interpretability
Incorporating  psychological  interpretability  is  crucial  in  research
on  AI  applications  for  emotion  quantification,  as  it  strengthens
the comprehension and interaction quality of the model, enabling
it  to  interact  more  effectively  with  human  users  in  real-world
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Fig. 2    A critical examination of the limitations of emotion recognition techniques and an overview of the latest developments in
emotion quantification research.
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applications.  The  OPO-FCM[76] model  is  an  excellent  example  of
this endeavor, which, by integrating deep learning techniques and
psychological theories, not only improves the accuracy of emotion
recognition, but also enhances the psychological interpretability of
the model.

The model demonstrates the power of combining psychological
theories  and  computational  models  by  analyzing  the  expressive
features in the video, mapping these features to the PAD emotion
space,  and  then  analyzing  the  individual’s  emotions  and
personality  traits  based  on  the  character-emotion  mapping
relationship.  The experimental  results  show that  the effectiveness
of  the  OPO-FCM  model  applied  in  a  simulated  environment
reaches  an  accuracy  rate  of  79.56%,  proving  its  feasibility  and
effectiveness in real-world situations[76].

The  successful  application  of  such  a  model  suggests  that  the
deep  integration  of  psychological  theories  can  significantly
enhance the utility and depth of understanding of affective AI.

In  addition,  the  development  of  methods  such  as  EMER  has
further  demonstrated  that  the  transparency  and  explanatory
power  of  affective  AI  can  be  improved  by  integrating  different
data  sources  and psychological  theories[49].  By explaining in detail
the  process  of  inferring  emotional  states,  this  approach  not  only
increases the user’s trust  in the AI system, but also facilitates the
user’s understanding of the system’s decision logic.

Similarly,  the  proposed  kernel-typical  correlation  analysis
algorithm  based  on K-means  clustering  demonstrates  how  to
improve the accuracy of emotion recognition in human-computer
interaction  by  integrating  the  emotional  features  of  different
modalities[50].  This  approach  can  effectively  deal  with  non-linear
relationships  between  complex  data  and  increase  the  flexibility
and  accuracy  of  the  model  in  dealing  with  different  emotional
states.

Overall, the integration of cognitive models with AI techniques
is seen as an important trend in future emotion AI research. This
integration  not  only  improves  the  performance  of  quantitative
emotion  models,  but  also  provides  new  tools  for  psychological
research,  transforming  AI  systems  from  simple  emotion
recognition  tools  to  advanced  platforms  capable  of  deeply
understanding  and  interacting  with  human  emotions.  As  the
technology develops, it is expected that this convergence will lead
to  the  emergence  of  more  sophisticated  and  human-like  AI
systems  that  understand  and  interact  with  human emotions  at  a
deeper level based on psychological principles. 

4    Future Direction
A  modern  view  of  the  importance  of  emotion  regulation  and
identification as essential to understanding and improving mental
health  treatment  is  provided  in  related  articles  from Nature
Reviews  Psychology.  They  emphazized  the  need  for  psychological
interventions  to  be  flexible  and  personalized  to  reflect  the
complexity  and  individuality  of  mental  health  problems.  For
example, a 2021 Nature editorial[77] discusses the complex needs of
preventing  and  treating  anxiety  and  depression  in  adolescents,
highlighting  the  lack  of  a  single  effective  treatment  and the  need
for a combination of individualized interventions. In another 2023
Nature article[77],  Carla  Nardelli  reviewed  the  importance  of
emotion  regulation  and  its  flexibility  in  mental  processes,
discussing  the  implications  of  being  able  to  tailor  emotional
responses  to  situational  demands,  which  is  essential  for
maintaining mental health.

Recent research in AI affective computing has greatly enhanced
the  accuracy  of  emotion  recognition  compared  to  earlier

approaches  in  the  application  of  deep  learning  techniques,
particularly  models  such  as  CNNs,  Recurrent  Neural  Networks
(RNNs), Long and Short-Term Memory Networks (LSTMs), and
Transformer.  Meanwhile,  the  fusion  of  multiple  information
sources, including vision, audio, and text, enhances the robustness
and  accuracy  of  emotion  recognition  by  capturing  cross-modal
complementary  information  using  deep  learning  models.
Furthermore, significant progress has been made in the analysis of
multidimensional  information  pertaining  to  the  human  body,
particularly  in  the  field  of  fine  emotion  expression  and  adaptive
learning techniques.

In  the  field  of  sentiment  analysis,  the  accuracy  and  depth  of
understanding  of  sentiment  recognition  have  been  greatly
improved  from  the  traditional  model  that  relied  on  manual
features  at  the beginning to automatic  feature learning driven by
deep learning,  especially  through multi-modal  fusion technology.
At  the  same  time,  the  research  expands  from  basic  emotion
classification  to  emotion  continuum  models  (e.g.,  2D  valence-
arousal  model),  which  depicts  the  emotion  dimensions  more
delicately.  The  combination  of  large-scale  datasets  with  pre-
trained  models  and  the  advancement  of  personalized  emotion
understanding  through  adaptive  and  reinforcement  learning
indicates  that  emotion  recognition  technology  is  undergoing  a
period of  rapid evolution,  becoming increasingly complex,  subtle
and efficient.

While  AI  has  shown  great  potential  in  quantifying  emotion,
there  are  a  number  of  challenges  and  limitations.  These  include
cross-cultural  adaptation  of  algorithms,  the  ability  to  process
complex emotional data, and ensuring transparency and ethics in
data processing. Future research needs to focus on the social and
ethical  implications  of  these  techniques,  while  improving
algorithmic accuracy and generalizability.

By  combining  psychological  sentiment  quantification  with  AI
techniques,  this  study  not  only  extends  the  methodology  of
sentiment  quantification,  but  also  improves  the  accuracy  and
efficiency of sentiment recognition and analysis.

Future  research  should  continue  to  explore  new  biomarkers
and  algorithms  to  improve  the  accuracy  and  applicability  of  the
model, especially in cross-cultural and multi-contextual settings as
shown in Fig. 3.

In  addition,  future  research  should  also  focus  on  the  ethical
aspects of the technology in practical applications, especially when
dealing  with  sensitive  personal  emotion data,  to  ensure  that  data
security and personal privacy are adequately protected.

Such  a  review  deepens  the  understanding  of  emotion
quantification  and  demonstrates  the  potential  of  AI  to  advance
psychological research and application areas. 

4.1    Quantitative research towards computational psychiatry
With the  development  of  computational  psychiatry,  the  field  has
shown  great  promise  in  quantifying  and  treating  emotional  and
cognitive  disorders  using  machine  learning  and  computational
modeling.  Studies,  such  as  Nair  et  al.[78] applying  computational
frameworks  to  psychotherapy,  have  uncovered  mechanisms  of
psychotherapy and improved personalization and effectiveness of
treatment.  In  addition,  Ribba[79] explored  precision  drug  delivery
through  augmented  learning,  demonstrating  the  flexibility  and
adaptability  of  computational  approaches  in  optimising
therapeutic regimens. Ging-Jehli et al.’s[80] study validats the use of
neurofeedback  in  ADHD  treatment  through  computational
modeling,  highlighting  the  importance  of  computational
psychiatry in personalized medicine. Finally, Ennis[81] discussed the
role  of  behavioral  quantification  in  neurobiology  and  digital
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psychiatry,  highlighting  the  potential  of  modern  technology  in
behavioral analysis.

Looking  ahead,  computational  psychiatry  is  expected  to
continue  to  play  a  key  role  in  mental  health,  particularly  in
improving  the  accuracy  of  treatment  and  disease  prediction.
Continued  technological  innovation  and  interdisciplinary
collaboration will be the main drivers of the field moving forward.
Researchers need to focus on how these advanced computational
tools  and  theories  can  be  applied  to  clinical  practice,  while  also
considering  ethical  and  legal  issues  to  ensure  that  scientific  and
technological  advances  are  not  only  scientifically  valid,  but  also
ethically and socially acceptable. 

4.2    Quantitative research on loneliness emotions
Techniques  for  quantifying  emotions  have  played  an  important
role in studies of loneliness and its impact on mental health. With
continued  advances  in  cognitive  science  and  computational
technology,  future  studies  will  be  able  to  explore  the  underlying
mechanisms  of  loneliness  and  its  complex  relationship  with
mental health problems in greater depth. For example, latent class
analysis  reveals  the  existence  of  a  multidimensional  structure  of
loneliness  and points  to  its  association with  different  dimensions
of  mental  health[82].  This  type  of  analysis  not  only  helps  us  to
identify subtypes of  loneliness,  but also provides a scientific  basis
for tailored mental health intervention strategies.

In addition, art  therapy has shown unique utility in alleviating
loneliness,  particularly  in  promoting  psychological  rehabilitation
and social  integration through interaction with military historical
objects among veterans, demonstrating the potential for applying
emotional  therapy  to  specific  groups[83].  Community  support
projects,  such  as  the  Compassionate  City  programme  in  Vic,
Barcelona,  have  been  effective  in  reducing  loneliness  by
strengthening  social  connections  between  community  members,
highlighting the role of social  structure in maintaining emotional
health[84].

Going  forward,  research  should  continue  to  explore  how
advanced  computational  modeling  and  machine  learning
techniques  can  be  used  to  improve  the  accuracy  and  utility  of
emotion quantification, while addressing privacy and ethical issues
to  ensure  that  the  psychological  state  of  participants  and  the
security  of  their  personal  data  are  respected  in  research  and
applications.  In  addition,  interdisciplinary  collaboration  will  be
key  to  advancing the  field  by  integrating  expertise  from multiple
fields, including psychology, data science and artificial intelligence,
to  better  understand  and  address  loneliness  and  its  complex
psychosocial consequences. These efforts will enable us to provide
more  effective  mental  health  support  and  social  interventions  to
the public and improve overall well-being. 

4.3    Emotion quantification studies in depression and anxiety
Emotion  quantification  techniques  are  rapidly  becoming  an
indispensable  tool  in  the  identification  and  treatment  of
depression  and  anxiety.  Research  over  the  past  five  years  has
demonstrated the great potential of using advanced computational
models and neural network techniques in this area. For example,
using  quantitative  questionnaires  and  stress,  anxiety  and
depression  scales,  studies  have  identified  several  factors  that
influence anxiety in care workers, such as lack of family and social
support  and  lack  of  job  autonomy,  and  these  studies  have
provided  targeted  strategies  to  address  them.  In  the  field  of
depression  identification  and  treatment,  mood  quantification
techniques are rapidly becoming a key tool and have shown great
potential for identifying depression using advanced computational
modeling  and  neural  network  techniques.  For  example,  a
systematic  evaluation  by  Wu  and  Xiao[85] highlighted  the
effectiveness  of  neuroimaging  techniques  in  diagnosing
psychiatric  disorders  including  depression,  anxiety  disorders,  etc.
Huang[86] significantly  improved  the  accuracy  of  identifying
depression  in  older  adults  by  combining  facial  microexpression
analysis  and  deep  learning  techniques.  Li[87] effectively  detecteded
mild  depression  using  EEG  and  convolutional  neural  network
techniques,  further  demonstrating  the  value  of  deep  learning  in
mental  health applications.  Sun et  al.[88] pioneered the application
of  multi-granularity  graph  convolutional  networks  to  analyze
major depressive disorder, demonstrating the progress of modern
technology in capturing complex brain signals[88].

In  the  future,  quantitative  mood  research  in  depression  and
anxiety  will  continue  to  rely  on  interdisciplinary  approaches
combining neuroscience, machine learning, and big data analytics
to optimize diagnostic tools and treatment strategies. The research
community  could  also  focus  on  developing  ethical  application
protocols to ensure that the use of these advanced technologies is
not  only  scientifically  valid,  but  also  meets  ethical  standards,
especially  when  dealing  with  sensitive  mental  health  data.  As
technology advances and data accessibility increases, it is expected
that  more  personalized  and  accurate  diagnostic  and  treatment
approaches for depression will be developed in the coming years,
greatly improving the quality of life of patients. 

5    Conclusion
This paper provides an in-depth analysis of the key developments
of  emotion  quantification  technology  in  the  field  of  artificial
intelligence,  especially  its  application  in  emotion  recognition
technology  and  its  revolutionary  impact  on  areas  such  as  health
monitoring,  educational  experience  optimization,  and  customer
service.  The  utilization  of  multi-source  data,  encompassing  facial
expressions,  speech,  text,  and  physiological  signals,  has  led  to  a
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notable  enhancement  in  the  precision  of  emotion  recognition.
Furthermore,  it  has  fostered  the  acceptance  and  implementation
of emotion quantification techniques in a multitude of real-world
scenarios. In the domain of healthcare, for instance, this approach
has  been  instrumental  in  expediting  the  diagnosis  and
personalization  of  treatment  plans  for  various  ailments,
underscoring its vast potential for impact.

However,  the  development  and  application  of  emotion
quantification technology still faces several challenges. Firstly, one
of  the  key  issues  that  the  technology  needs  to  address  is  to
improve transparency and interpretability. Although current deep
learning models for emotion recognition are highly accurate, their
“black  box” nature  limits  their  use  in  application  scenarios  that
require  a  high  level  of  trust,  such  as  medical  and  psychological
counselling.  In  addition,  the  issue  of  cross-cultural  adaptation
needs to be addressed, as emotion expression and recognition vary
significantly across cultures, and future model development could
take  this  into  account  to  ensure  accuracy  and  adaptability  for
global applications.

Privacy  and  security  are  also  issues  that  need  to  be  taken
seriously with sentiment quantification technologies. As the use of
sentiment data increases, the question of how to make the best use
of this data while ensuring that individual privacy is not violated is
an  issue  that  needs  to  be  addressed  in  the  development  of  the
technology. This will require the research community and relevant
stakeholders  to  develop  more  stringent  data  handling  standards
and privacy measures.

Furthermore,  as  a  powerful  tool,  the  prospective  advancement
of AI-based methodologies pertaining to emotional assessment is
recommended to also accord greater attention to data privacy and
ethical  considerations,  and  strive  to  achieve  a  harmonious
equilibrium  between  technological  advancement  and  ethical  and
social  responsibility.  Further  research  should  explore  more
transparent  and  interpretable  methods  of  emotion  recognition
based on psychological and cognitive sciences that strengthen the
model,  while being accurately applicable in a global multicultural
context.  Through  interdisciplinary  collaboration  and  enhanced
integration  of  theory  and  practical  applications,  emotion
quantification techniques are expected to play a more central role
in  understanding  and  responding  to  human  emotions,  and  to
promote  better  cross-fertilization  between  human-computer
interaction  technologies,  computational  psychology,  and
computational psychiatry. 
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