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ABSTRACT    Collecting  and  analyzing  vibration  signals  from  structures  under  time-varying  excitations  is  a  non-
destructive  structural  health  monitoring  approach  that  can  provide  meaningful  information  about  the  structures’  safety
without  interrupting  their  normal  operations.  This  paper  develops  a  novel  framework  using  prompt  engineering  for
seamlessly  integrating  users’  domain  knowledge  about  vibration  signals  with  the  advanced  inference  ability  of  well-
trained  large  language  models  (LLMs)  to  accurately  identify  the  actual  states  of  structures.  The  proposed  framework
involves  formulating  collected  data  into  a  standardized form,  utilizing  various  prompts  to  gain  useful  insights  into  the
dynamic characteristics of vibration signals, and implementing an in-house program with the help of LLMs to perform
damage  detection.  The  advantages,  as  well  as  limitations,  of  the  proposed  method  are  qualitatively  and  quantitatively
assessed through two realistic case studies from literature, demonstrating that the present method is a new way to quickly
construct  practical  and  reliable  structural  health  monitoring  applications  without  requiring  advanced  programming/
mathematical skills or obscure specialized programs.
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1    Introduction

This study aims to make a step toward building automa-
ted  structural  health  monitoring  (SHM)  applications  for
civil  structures  that  can  intelligently  monitor  the  actual
operational  states  of  structures  and  proactively  provide
engineers  and  owners  with  damage-related  information
without requiring them to invest excessive time and effort
in programming. SHM is a sub-field of civil engineering
that  aims  to  monitor  the  actual  operational  states  of
structures and provide engineers and owners with critical
damage-related  information  such  as  damage  occurrence,
damage  location  and  damage  extent.  This  information
helps engineers proactively devise maintenance actions to
ensure the structures’ safety and extent their  service life.
Besides  expertise  in  structural  analysis,  SHM  requires

knowledge  from  diverse  domains,  including  signal
vibrations,  data  analytics,  and  programming  skills  to
effectively  manage  large  volume  of  data  gathered  from
full-scale  structures.  For  instance,  an  apparent  indicator
of  damage  occurrence  is  when  the  amplitudes  of
structures’  responses,  such  as  deflection,  deformation,
settlement...  exceed  predefined  safety  thresholds.  Thus,
various  statistical  properties  in  the  time  domain  can  be
used  to  perform  SHM,  like  crossing  rates,  mean  values,
number  of  peaks,  etc.,  as  demonstrated  in  Ref.  [1].  In
practice,  temporal  signals  are  contaminated  by  different
unfavorable  factors  such  as  noise,  missing  data,  and
instability.  That  is  why  features  in  frequency  domains,
such as eigenfrequency values and mode shapes are also
effective damage indicators [2]. For example, a reduction
in  the  fundamental  frequency  signifies  a  decrease  in  the
global  stiffness  of  the  structures,  implying  that  one  or
multiple structural members may be compromised as the
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global stiffness is obtained by aggregating the individual
stiffnesses.  Recently,  Dang  and  Nguyen  [3]  proved  that
using  multiple  features  from  different  domains,  i.e.,
statistics, time, and frequency, considerably improves the
SHM  model  performance.  In  addition,  the  authors  also
found  that  combining  multi-modal  features  with  spatial
correlation  effectively  enhances  the  SHM  framework
robustness  against  unfavorable  factors  [4].  On  the  other
hand, one can directly compare collected vibration signals
with reference signals using measurement metrics such as
Mahalahnobis,  ,  , etc. A remarkably large difference
implies  that  the  structure  may  not  behave  correctly  as
expected, indicating the occurrence of damage.

With  the  rapid  development  of  artificial  intelligence
and  data  science,  numerous  structural  engineers  and
scientists  have  integrated  machine  learning  algorithms
with  expert  knowledge  to  tackle  different  structural
analysis  tasks.  Lin  et al.  [5]  extensively  compared  seven
ensemble  machine  learning  models  based  on  various
evaluation  indicators  to  perform  nonlinear  stability
assessments  of  slopes.  The  authors  demonstrated  that
ensemble models could achieve prediction results with an
accuracy  of  up  to  84.74%  on  a  database  of  444  slopes,
demonstrating  that  ensemble  learning  is  a  promising
framework  for  geoengineering  problems.  Guo  et al.  [6]
developed a novel physical-informed deep learning-based
method, namely the deep collocation method, for bending
analysis of a wide range of Kirchhoff plates with different
geometrical  shapes,  various  boundary  conditions  and
subjected  to  diverse  loads.  The  results  obtained  by  the
proposed  method  were  highly  in  agreement  with  exact
solutions  by  analytical  or  finite  element  methods.  Later,
Zhuang et al. [7] explored a deep autoencoder model with
the  minimum  total  potential  energy  principle  to  analyze
the  complex  behavior  of  Kirchhoff  plates,  such  as
vibration and buckling.  Samaniego et al.  [8]  followed an
intriguing  research  direction  of  incorporating  the  energy
approach with deep learning to solve the partial differen-
tial  equations  in  general  computational  mechanics.  More
specifically,  the  loss  functions  to  train  the  deep  learning
models  were  constructed  based  on  the  energy  of  the
mechanical  systems.  The  applicability  of  the  proposed
framework  was  clearly  demonstrated  via  different
examples  involving  linear  elasticity,  elastodynamics,
hyperelasticity, fracture, piezoelectricity, cantilever beam,
and  plate  bending.  To  perform  an  analysis  of  a
heterogeneous porous medium effectively and efficiently,
Guo  et al.  [9]  developed  a  stochastic  deep  collocation
method  that  relied  on  three  components,  i.e.,  physics-
informed neural  network,  neural  architecture  search,  and
collocation  method.  The  authors  demonstrated  that  the
proposed  method  consistently  outperformed  the
traditional  finite  difference  method  in  terms  of  both
accuracy and efficiency.

Besides  using  these  expressible/interpretable  indices,

black-box  deep  learning  models  are  also  leveraged  to
construct  precise  SHM applications.  These  models  offer
the  advantage  of  bypassing  the  need  for  preprocessing
signal data for extracting features, and raw vibration data
can  directly  enter  the  SHM  model.  Next,  deep  learning
model  will  discard  irrelevant  factors  and  learn  new
representations  of  data  that  underlie  each  operational
state.  Deep  learning  model  also  provides  numerous  new
capabilities such as imputing missing data, reconstructing
data  from  contaminated  data,  and  handling  multiple
vibration  signals  simultaneously,  etc.  However,  a  major
drawback of deep-learning models lies in the requirement
of a large volume of labeled data, which is a difficult-to-
solve  obstacle  in  real-world  scenarios  where  almost  all
data are from undamaged conditions, only a small part of
the  data  are  collected  from  temporarily  damaged
conditions  before  repair  activities  are  carried  out.
Additionally,  another  limitation  of  deep  learning  is  the
time-consuming  training  process  with  a  number  of
hyperparameters  to  be  tuned  in  order  to  achieve  the
highest  possible  accuracy.  In  summary,  in  the  authors’
opinion,  these  reviewed  machine  learning/deep  learning
(ML/DL)-based  methods  for  SHM  lack  an  explicit  and
interactive mechanism to incorporate expert knowledge to
improve their performance during usage.

Large  language  models  (LLMs)  are  typically  large
artificial intelligence (AI) models with a large number of
parameters,  up  to  the  billions,  trained  on  large,  general
data  sets  during  an  extensive  training  period  on  massive
computational  infrastructure.  However,  when  applied  to
problem-specific  tasks,  LLM  may  provide  outputs  that
are counter-intuitive to human understanding. In addition,
its  answers  are  notably  sensitive  to  user  inputs  [10].
Hence,  prompt  engineering  is  an  emerging  methodology
that aims at guiding LLMs to provide outputs tailored to
specific  purposes,  concrete  requirements,  and  domain
knowledge. However, designing a well-crafted prompt is
a  challenging  task,  as  a  minor  modification  in  wording
could  have  a  significant  influence  on  the  accuracy  and
appropriateness  of  obtained  results  [11].  For  example,
utilizing  incorrect  keywords  without  a  proper  under-
standing of the investigated problems could culminate in
non-meaningful  results  or  model  failures.  As
demonstrated  in  Ref.  [12],  it  is  necessary  to  include
domain-specific  information  in  prompts  to  achieve
satisfactory  outputs  relevant  to  problems  under
investigation  rather  than  utilizing  general  definitions.
Hence,  prompts  should be constructed with  a  great  level
of  detail,  specifying  contextual  information,  objectives,
and  relevant  examples  in  order  to  receive  useful
responses  from  LLMs  [13].  In  case  of  limited  data
conditions, it is necessary to consider alternative methods
such  as  providing  more  detailed  explanations,  including
users’  experiences  [14],  or  meticulously  tuning  the
wording of prompts to improve response quality [15].
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Up  to  now,  prompt  engineering  has  been  increasingly
integrated  in  various  domains,  offering  unprecedented
benefits.  For  data  extraction,  Polak  and  Morgan  [16]
developed  a  framework  named  ChatExtract,  applicable
for  users  without  data  analysis  background.  ChatExtract
is  based  on  advanced  conversational  LLMs  and  prompt
engineering  to  distill  informative  data  with  a  precision
level  of  up  to  90%.  For  the  financial  industry,  Lo  et al.
[17]  summarized  a  range  of  applications  using  natural
language  processing  (NLP)  algorithms  and  prompt
engineering, including areas such as fraud detection, risk
management,  investment  decision-making,  and  others.
The  authors  also  pointed  out  that  although  being  trained
on  extensive  data,  LLMs  do  not  have  a  comprehensive
understanding  or  common-sense  knowledge  when
working within a specific domain, sometimes resulting in
nonsensical  answers  or  providing  non-existent  facts.  In
the field of image generation, prompt engineering has led
to  a  significant  surge  in  research  on  visual  prompt
engineering.  More  specifically,  the  number  of  publica-
tions  in  the  first  half  of  2023  has  tripled  compared  to
2022. Furthermore, prompt engineering has now become
a  standard  practice  for  generating  images  [18]  that  meet
specific criteria including preferred style, selected colors,
particular  composition,  predefined  subject,  etc.  In  the
realm  of  chemistry,  Hatakeyama-Sato  et al.  [19]
demonstrated  that  LLMs  are  capable  of  providing
informative  high-level  definitions  and  a  general
understanding  of  knowledge;  however,  they  fall  short  to
address specialized contents; thus, it is necessary to resort
to other specialized tools or knowledge-infused prompts.
For  education,  the  combination  of  LLMs  and  prompt
engineering  offer  new  opportunities  for  teaching  and
learning.  For  example,  teachers  can  devote  more  time
focusing  on  the  main  teaching  content  while  still
preparing engaging, interactive slides by leveraging these
tools.  Meanwhile,  students  can  prompt  LLMs to  explore
better the lessons, such as summarizing the books, raising
questions  from  various  perspectives  and  more  [20].  For
environmental  researchers,  who  have  a  large  amount  of
data  collected  from  different  sources  to  analyze,  data
science  skills  are  indispensable;  however,  not  all
environmental  researchers  who  typically  work  in  natural
environments,  have  the  time  and  resources  to  learn
advanced  statistics  or  programming.  Thus,  LLMs  and
prompt  engineering  are  great  tools  for  explaining
complex  mathematical  concepts,  or  unfamiliar
programming  syntax.  Moreover,  these  tools  can  even
provide  ready-to-use  code  snippets  suitable  for  their
specific  requirements  [21].  On  the  other  hand,  for
industrial  applications,  prompt  engineering  has  been  a
valuable  partner  for  programmers  via  various  new  code
generation  tools  such  as  Copilot,  Code  Whisperer,  etc.
These  tools  excel  not  only  in  code  generation  and
completing  programming  tasks  but  also  in  providing

relevant  explanations  [22].  In  fast-paced  domains  like
marketing, in Ref. [23], the authors enumerate numerous
advantages  brought  by  prompt  engineering,  such  as
facilitating  idea  exchange,  expediting  the  creation  of
marketing content, cost reduction, increasing productivity
and  job  satisfaction.  In  summary,  prompt  engineering  is
applicable  to  multidisciplinary  problems,  instead  of
carrying out the time and effort-expensive fine-tuning or
retraining  process  of  LLMs  for  new  tasks,  we  employ
well-designed  prompts  with  embedded  knowledge  to
achieve  expected  results  as  elaborated  in  Ref.  [24].
Hence, prompt engineering will be an indispensable skill
for both AI/non-AI-experts.

In the rest of the paper, Section 2 describes the overall
workflow  and  background  knowledge.  In  Section  3,  the
proposed  framework  is  applied  to  different  case  studies.
Finally,  Section  4  presents  conclusions  and  proposes
some perspectives for the next research stages. 

2    Structural health monitoring framework
based on large language model and prompt
engineering
 

2.1    Feature extraction from vibration signals

Ns fs

T

Ns×Ls Ls = T × fs

Nmeasure

X

Nmeasure×Ns×Ls

The  vibration  responses,  such  as  acceleration  or
displacement  of  structures  subjected  to  time-varying
excitations,  are  recorded  using  accelerometers  or  linear
variable  differential  transformer  sensors.  With  a  total
number  of  sensors  ,  a  sampling  frequency  ,  and  a
time period of  ,  we will  collect  vibration data with the
size  of    with  .  If  we  monitor  the
structures  over  the  long-term,  there  will  be 
different measurements, leading to a database stored in a
three  dimensional  (3D)  tensor    with  a  shape  of

.

F (t)

Based  on  the  governed  dynamic  equation  of  the
structures  presented  in  Ref.  [25],  one  can  derive  the
relationship  between  vibration  responses  and  external
excitation  ,  as  well  as,  the  structural  properties  like
stiffness and mass matrices, as follows:
 

X (t)= Ü (t)=M−1H×F (t)−M−1CU̇ (t)−M−1KU (t) , (1)

X (t) ∈ RNdof

Ndof

K ∈ RNdof
×Ndof

F (t) ∈ RNdof

H

Ns < Ndof

where    is  the  vector  of  structures’  accelera-
tions,    is  the  number  of  degrees  of  freedom  of  the
structure,  M,  C,  and    are  the  mass,
damping, and stiffness matrices, respectively. 
is  the  vector  of  applied loads,  and    is  the  input  matrix
denoting  the  location  of  applied  loads.  It  is  noteworthy
that in practice, due to resource constraints, the number of
sensors  is  usually  smaller  than  the  total  number  of
degrees  of  freedom  of  the  structures  ,  hence
measured  vibration  data  are  only  a  subset  of  the
structures’ dynamic responses. Therefore, the location of
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sensors  is  also  an  important  factor  to  effectively
monitoring  the  operational  status  of  critical  structural
components.  This  equation  aims  to  demonstrate  the
theoretical  background  of  the  vibration-based  SHM,
showing that vibration responses are closely related to the
mass  and  stiffness  matrices;  hence,  if  any  damage
negatively  affects  the  structures’  stiffness,  it  will  cause
changes in vibration signals. By evaluating these patterns
of change and their amplitudes, vibration-based SHM can
inversely identify the existence of  damages,  quantify the
damage extent,  and localize  the  damage location.  In  this
study,  the  following  assumptions  hold.  1)  We  consider
damages  that  affect  the  mass  or  stiffness  matrices  of  the
structure.  In  other  words,  vibration-based  SHM  is  not
applied  for  damage  types  that  do  not  lead  to  changes  in
the  stiffness  matrix  of  load-bearing  structures,  for
instance,  small  cracks,  surface  damage,  and  defects  in
secondary  components.  2)  Vibration  signals  are
adequately  collected  by  suitable  vibration  sensors  and
experienced engineers.

Ls

However,  working  directly  with  multi-dimension
vibration  signals  is  impractical,  especially  when  dealing
with  long  signals,  i.e.,  when    is  great.  Note  that  for
current LLMs, each prompt is limited to fewer than 4096
tokens,  which  corresponds  to  only  four  1024-length
signals  or  just  one  4028-length  signal.  Meanwhile,  in
practice,  there  may  be  a  significantly  greater  number  of
lengthy signals.  That  is  why, vibration feature extraction
is  carried out  to transform high-dimensional  multivariate
signals  into  lower-dimensional  feature  vectors  that
underline  different  structural  operations  states.  The  most
common  features  are  statistical  characteristics  such  as
average,  maximum,  minimum,  standard  deviation,  and
root  mean  square  values.  In  addition,  to  describe  the
distribution  form  of  signal  amplitudes,  useful  statistical
features  are  skewness  and  kurtosis.  Furthermore,  the
range  of  amplitude  values  can  be  depicted  via  quartile
values, i.e., the median, first, and third quartiles. The third
type  of  feature  is  spectral  features  that  reflect  the  signal
characteristics  in  the  frequency  domain.  To  obtain  these
features,  we apply a  Fourier  transformation to  the  signal
and then select the frequency values corresponding to the
peaks  in  the  Fourier  spectrum.  Herein,  we  focus  on  the
fundamental  eigenfrequency  value  unless  otherwise
stated.

Nfeature

X ∈ RNmeasure
×Ns×Ls Z ∈ RNmeasure

×

Ns×Nfeatures Nfeature≪ Ls

Let’s  denote    as  the  total  number  of  extracted
features. The feature extraction will convert the database

  into  a  3D  feature  sensor 
 with  . 

2.2    Prompt engineering introduction

Prompt  engineering  is  a  novel  discipline  that  carefully
designs  the  natural  language  inputs  provided  to  AI
models,  such  that  AI  models  can  effectively  deliver

relevant  and  accurate  results.  For  this  purpose,  the  input
prompt  should  contain  contextual  information  and
informative  details,  that  are  specifically  tailored  for
desired  outcomes  (Fig. 1).  Note  that,  this  discipline  only
recently  emerged  with  the  development  of  LLM models
that  can  understand  human  language  and  can  autono-
mously interact with humans. With the rapid development
of  technology  and  the  prevalence  of  smart  devices
featuring embedded AI assistants such as Siri and Alexa,
prompt  engineering  represents  an  exciting  frontier  for
turning  AI  models  into  cost-effective,  always-available,
and  information-rich  collaborators.  However,  it  is
noteworthy  that  it  cannot  replace  the  expertise  of
experienced engineers or  the future judgment of  mindful
scientists.

Elements  of  a  prompt.  A  basic  prompt  typically
consists of the following elements (Fig. 2).

1)  Context.  The  context  provides  the  background
information,  helping  LLM  understand  the  problem
domain,  and  follow  a  particular  style  and  tone.  Context
can  be  some  keywords,  a  complete  sentence,  or  an
extended paragraph.

2)  Instruction/Question.  The  instruction  is  a  directive
given to LLM clearly defining a task to accomplish or  a
direction for LLM to follow.

3)  Constraints.  If  possible,  it  should  explicitly  outline
constraints  for  LLMs  in  the  prompts  to  narrow  the
admissible  range  of  responses,  or  simply  to  reformulate
answers in a user-friendly and readable forms.

 

 
Fig. 1    Graphical  representation  of  prompt  engineering  with
LLM.                       

 

 
Fig. 2    Typical elements of a prompt.
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4)  Examples.  It  is  recommended  to  provide  task-
specific  examples  for  LLMs  to  guide  LLMs  effectively
rather  than  solely  relying  on  too  general  pre-trained
knowledge.

Actually,  not  all  of  the  above-mentioned  elements  are
requisite for every prompt, and for some problems, other
types  of  elements  may  be  included.  An  example  of  a
prompt  for  assessing  the  state  of  a  structure  is  shown as
follows:

Example  of  a  prompt.  An  example  of  a  structured
prompt  is  depicted  in  Fig. 3,  in  which  triple  quotation
marks are used to denote the beginning and the end of a
prompt.  The  prompt  elements,  i.e.,  context,  instruction,
example,  format,  and  question,  are  clearly  defined.  The
context  element  informs  LLM  to  assume  the  role  of  an
experienced  structural  engineer  assessing  the  structure’s
state  based  on  measured  values.  Furthermore,  structural
knowledge is provided in the Instruction element to guide

Lvalue,dvalue

the  LLM in  following  the  criterion  of  deflection  smaller
than 1/250 of the beam length. Input variables for queries
are  put  within  curly  brackets  and  denoted  by  variables
such  as  .  Some  examples  are  also  supplied  to
quantitatively demonstrate the instruction.

Prompt  engineering  strategies.  Because  the  responses
of LLMs are highly sensitive to input prompts,  it  should
prepare  prompts  in  a  strategic  way,  including
distinguishing  elements,  relevant  details,  and  concrete
instructions (Fig. 4).

Role  Prompting.  This  technique  assigns  LLMs  as
experts  equipped  with  domain  knowledge.  For  example,
in  the  context  of  SHM,  we  assume  that  LLM  is  an
experienced structural engineer. Subsequently, LLMs will
answer  with  a  tone  and  style  of  an  engineer  and  furnish
responses  with  a  relatively  more  depth  of  information
compared to a general role.

Zero  shot  prompting.  It  is  a  technique  that  leverages
 

 
Fig. 3    Example of a structured prompt.

 

 
Fig. 4    Schematic representation of different prompt strategies.
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LLM’s general understanding to immediately address the
problem without  being given any known example.  Since
LLM  has  been  trained  on  extensive  database  containing
up  to  trillions  of  tokens.  Hence,  for  some  simple  and
well-known  task,  it  can  achieve  relatively  satisfactory
results  as  LLM  may  have  encountered  similar  problems
during its pre-training process. Moreover, its performance
could  be  enhanced  if  some  meaningful  instructions  are
provided in the prompt.

N

N

N

N

N

N-shot prompting. It involves providing LLM multiple
examples  ( )  consisting  of  inputs  and  corresponding
outputs  before  querying  LLM  to  generate  outputs  for
actual inputs. Note that,  even a single example, aka one-
shot  prompting,  can  drive  LLM  provide  outputs  in  a
desirable  format.  -shot  prompting  is  helpful  when  no
instruction can be clearly expressed in natural language to
LLM.  In  other  words,  the  provided  examples  implicitly
serve  as  conditions/constraints  for  LLM  to  follow.  An
appropriate  value  for  the  number    of  examples  varies
depending on the problem complexity,   can be 3, 5, 10
or  more,  forming  3-shot,  5-shot,  10-shot  prompting,
respectively.  However,  for  difficult  problems,  the
required number of examples can be substantial. In some
extreme cases,  -shot prompting may not be sufficiently
effective.

Chain-of-Thought prompting (CoT) [26] decomposes a
complex problem into intermediate sub-problems that are
solved  in  a  sequential  manner  providing  step-by-step
reasoning  for  final  responses.  This  technique  can  be
expressed  in  the  form  of  a  conversation  between  users
and  LLMs.  Beginning  with  an  initial  prompt,  which  can
be  a  contextual  instruction  or  a  question,  LLMs  will
generate a first response related to the problem of interest.
Following  this  response,  users  will  conduct  subsequent
instructions/questions  to  steer  LLMs  in  a  wanted
direction.  The  responses  of  LLMs  will  progressively
improve  toward  the  final  purposes  while  coherently
linked  to  the  previous  question/answer  pairs,  forming  a
logical CoT. Ultimately, the conservation concludes with
a  final  question/response  directly  addressing  the  main
task  of  concern.  By  breaking  down  the  main  tasks  into
intermediate  steps  and  providing  additional  relevant
information,  CoT  could  achieve  significantly  higher
accuracy  with  even  fewer  examples  compared  to  other
prompting  techniques.  The  CoT  technique  typically
contains  the  phrase  ‘Let’s  think  step  by  step’  [26]  as  a
starting point for the thought flow. 

2.3    Large language model implementation

Language modeling (LM) refers to a method that predicts
subsequent  words  based  on  a  given  context,  which  has
been  an  active  and  challenging  research  topic.  LM  can
potentially  enable  machines  to  understand  human
language.  The  initial  LM models  are  statistical  language

models  that  are  based  on  Markov  assumption  and
statistical learning methods. However,  these methods are
unable to handle high-order languages, where the number
of probable transitions grows exponentially. With the rise
of  the  neural  networks,  neural  language modes based on
recurrent  neural  networks  and  their  variants  have  been
developed. These models are able to address various NLP
tasks with long-term dependencies, thanks to their ability
to learn relevant features for words and sentences, which
is  known  as  representation  learning.  Recently,  the
emergence of extensive language databases, aka corpora,
and  the  invention  of  the  Transformer  architecture  along
with  its  core  self-attention  mechanism  [27]  have  led  to
the  development  of  pre-trained  language  models.  These
models,  initially  trained  on  large-scale  corpora  before
being  fine-tuned  on  downstream  tasks,  have  achieved
impressive  results  on  various  NLP  tasks.  The  scientists
have found that by scaling the size of LMs to incorporate
hundreds of billions of parameters, expanding the volume
of  corpora  up  to  hundreds  of  gigabyte  (Gb)  or  even
several terabytes, and conducting training on thousands of
the latest GPUs, it is possible to elevate LM performance
to  a  new  level,  even  achieving  superhuman  capabilities.
These LMs are referred to as LLMs. Interestingly, LLMs
feature the so-called emerging ability which refers to the
fact  that  LLMs can  achieve  surprisingly  good  results  on
entirely  new  tasks  based  on  only  a  few  given  examples
(few-shot  learning)  or  even  without  any  trained  data
(zero-shot  learning).  Moreover,  LLMs  can  perform
effectively  on  non-language  tasks  such  as  numerical
computation or programming.

Examples  of  popular  LLMs  are  Google  FLAN-T5
which  was  released  in  2022  [28].  Its  sizes  range  from
60M  (FLAN-T5  small)  to  11B  (FLAN-T5  XXL).  This
model  is  recognized  for  its  balance  between  speed,
efficiency, and performance; thus it is preferred by some
authors  for  real-world  application.  Besides,  the  most
popular  LLM is  the Generative Pre-training Transformer
model  from  OpenAI  [29].  This  model  is  constructed
based  on  a  very  deep  causal-transformer  deep  learning
architecture,  for  instance,  GPT3.0  has  a  size  of  175
billion  parameters.  The  GPT  models  have  achieved
numerous  state-of-the-art  results  in  various  domains
including mathematics, physics, and chemistry in addition
to  NLP  tasks  and  surpassed  all  LMs  at  that  time.  It  is
noteworthy  that  GPTs  can  take  very  long  inputs,  for
example, GPT-3, GPT-3.5, and GPT-4 can handle inputs
with maximum lengths of 2049, 4096, and 32000 tokens,
respectively.  In  terms  of  outputs,  they  can  generate
responses  with  a  length  of  several  hundred  pages.  It  is
recalled  that  GPTs  are  commercial  and  closed-source
models. On the other hand, recently, Meta has released an
open-source  and  free  LLM,  namely,  LLAMA2  [30]
which  is  able  to  produce  competing  performances  with
closed LLMs.  Since  LLAMA2 is  an  open-access  model;
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thus,  it  is  very  flexible  to  customize  and  integrate
LLAMA2 into both online and offline applications,  on a
low-budget,  unlike  closed  LLMs  which  only  operate
online via paid application programming interface (API).

To  deploy  LLMs,  there  are  two  major  ways:  public
APIs and directly running LLMs on a local machine. The
first  way  is  employed  by  commercial  closed-source
LLMs, such as GPT, for which users do not need a decent
computer,  they  simply  need  to  subscribe  to  an  account,
receive API keys, and then connect to the web servers of
LLM  providers.  Each  user’s  query  will  be  handled  by
computation servers, and the answers will be sent back to
the users. This method is fairly fast thanks to the modern
computation  servers,  but  each  query  is  charged  by  the
LLM providers, making it quite expensive as the number
of  queries  quickly  increases.  The  second  way  to  run
LLMs is to download open-source LLMs and pre-trained
checkpoints on personal computers, and then run them as
normal  functions.  However,  LLMs  are  usually  large  in
size;  for  instance,  the  size  of  the  7  billion  parameter-
version  of  Llama  2  is  13.5  GB.  Thus,  a  specialized
technique,  called  quantization  [31],  is  resorted  to  reduce
the  size  of  local  LLMs  and  shorten  the  inference  time
while still maintaining the result accuracy to some extent.
The essential idea of this method is to lower the precision
of  trained  models’  parameters  to  3-bit,  4-bit,  or  8-bit
instead of the original 16-bit. By doing so, one can reduce
the model size, and the demand for dynamic memory, and
expedite the inference process.

On the other hand, current LLMs still suffer from some
limitations  such  as  the  demand  for  massive  computation
resources  and  effort  for  training.  For  example,  training
GPT-3  cost  several  million  dollars,  while  training
LLAMA2 required hundreds of thousands of GPU hours,
and  consumed  several  hundred  watts  of  power.  Another

limitation  is  that  LLMs  may  yield  toxic,  biased,  untrue
responses  or  outdated  information  because  they  are
unable  to  autonomously  update  their  knowledge.
Therefore,  it  is  necessary  to  mitigate  the  above  problem
and guide LLMs toward correct answers by incorporating
human  knowledge  and/or  combining  LLMs  with  other
external programs. 

2.4    Workflow of the proposed structural health monitoring
framework

A  high-level  workflow  of  the  proposed  LLM-assistant
SHM  framework  is  schematically  depicted  in  Fig. 5
which  can  be  roughly  described  in  four  stages.  The  first
stage is standard data management, similar to other SHM
frameworks,  where  collected  vibration  data  are  indexed,
labeled  with  structural  states,  and  stored  in  a  structural
database.  In this  study,  each data sample is  stored in the
JSON format, consisting of multiple attribute-value pairs:
the  first  pair  for  the  data  indices,  the  second  pair  for
structural state, and the third pair for sensor signals, such
a  format  can  be  straightforwardly  converted  into  a
dictionary in Python. The entire vibration data set can be
expressed as  a  list  of  dictionaries,  with  the  length  of  the
list  corresponding  to  the  total  number  of  samples.  The
second stage is to implement LLMs using one of the two
methods  mentioned  above,  i.e.,  via  an  API  service  or  a
local model with quantization. In terms of computational
devices,  the  authors  utilize  the  ecosystem  provided  by
Google: data storage with Google Drive, calculation with
Google  Colab  thanks  to  its  data  security,  practicability,
good  performance  with  the  GPU  A100,  and  32  GB  of
RAM  for  LLM  inference.  In  the  third  stage,  one  poses
various  prompts  to  explore  the  structural  databases,
perform  feature  extraction,  and  construct  a  classifier.

 

 
Fig. 5    Working flow of the SHM framework with LLM and prompt engineering.

1758 Front. Struct. Civ. Eng. 2024, 18(11): 1752–1774



When  receiving  prompts,  LLMs  generate  responses
consistently  related  to  given  data  and  users’  questions.
One  can  provide  some  examples  of  different  vibration
signals  and  their  associated  structural  states,  to  assist
LLMs  in  understanding  better  about  the  investigated
problem. LLMs could yield some insights about vibration
data  characteristics  that  may  underlie  structural  states,
helping  distinguish  them  together.  On  the  other  hand,
LLMs  are  acknowledged  for  their  programming  assis-
tance ability because they are pre-trained on a large code
corpus;  hence,  one  prompts  LLMs  to  build  a  feature
extractor  for  vibration  signals  that  LLM  have  seen  via
N-shot  prompts.  With  the  extracted  features,  one  can
prompt  LLM  to  unveil  which  features  signify  damaged/
abnormal  states.  One  can  also  prompt  LLMs  to  build  a
ML-based  classifier  to  predict  the  actual  states  of
structures.

In  terms  of  prompts  for  the  SHM  application,  we
employ the CoT prompt strategy, which typically consists
of the following prompts.

1)  The  first  prompt  involves  the  role  prompting
technique,  assuming  LLM  is  a  structural  engineering/
signal processing expert to analyze the vibration data. By
doing so, LLM will produce outputs containing keywords
and contents relevant to structural dynamic fields such as
frequency, magnitude, oscillation, and noise.

2)  Next,  in  the  second  prompt,  we  define  the  key
characteristics  that  help  assess  the  structures’  states
according  to  the  engineers’  preferences.  After  that,  we
prompt  LLM  to  write  code  snippets  to  extract  desirable
characteristics  automatically.  These  prompts  incorporate
the  SHM  knowledge  of  users  into  the  framework,
converting  long  vibration  signals  to  low-dimension
vectors of features. It is noted that deciding what features
to extract is a critical step that has a profound impact on
damage  detection  performance.  More  details  on  the
feature extraction for SHM can be found in Ref. [32].

3)  Afterwards,  the  LLM  is  prompted  to  provide
qualitative  assessments  of  the  underlying  characteristics
of feature vectors for every structural state. Since the size
of input data has been significantly reduced, thus we can
include some input examples within the maximum length
of  a  prompt  and  then  ask  the  LLM to  provide  overview
assessments  on  informative  characteristics  of  feature
vectors that may underlie specific structures’ states.

4) For the fifth prompt, we query LLM to produce code
snippets  to  build  a  machine-learning  model  to  classify
feature vectors in corresponding structures’ states. Based
on  the  previous  prompts,  LLM  has  acquired  an
understanding  of  various  structures’  states,  data  format,
and feature vectors; however, to generate a workable ML-
based  classifier,  we  need  to  clarify  every  step  of  the
development  of  a  machine  learning  model,  including
importing  necessary  libraries,  loading  data,  standardiza-
tion, data splitting, model selection, training process.

5)  Subsequently,  LLM  is  prompted  to  produce  code

snippets  to  evaluate  the  classifier  performance.  Herein,
we  can  specify  which  evaluation  metrics  are  preferred,
like  f1-score,  accuracy,  or  receiver  operating  characte-
ristic  (ROC)  curves,  and  prompt  LLM  to  generate  code
snippets  for  evaluating  the  ML-based  classifier  on  the
testing data set created in the previous steps.

It  is  noteworthy  that,  the  present  SHM  workflow
minimizes  the  need  for  manual  statistic  calculation  and
programming  from  scratch;  thus,  relieving  related
burdens,  such as  debugging and code testing.  This  helps
researchers and engineers focus more on performing data
analysis and analyzing the behaviors of structures. 

3    Application examples
 

3.1    American Society of Civil Engineers (ASCE)
benchmark steel frame structure

The first application example is the renowned benchmark
steel  frame  structure  with  braces  at  the  University  of
British  Columbia  [31],  as  illustrated  in  Fig. 6.  This
publicly  accessible  data  set  has  been  utilized  by  various
authors  [32,33]  to  validate  their  SHM  methods.  It  is
utilized  here  to  demonstrate  the  applicability  of  the
proposed  method  to  facilitate  reproductivity.  The
structure was subjected to white noise random excitation;
its  vibrations  were  measured  through  sensors  installed
across all stories. For this first example, we only utilize a
single sensor on the first floor to demonstrate the working
mechanism  of  the  proposed  method.  The  collected
vibration  signals  are  divided into  shorter  time series  and
stored in a two dimensional tensor with a shape of [1735,
100]  with  1735  being  the  total  number  of  samples,  and
100  being  the  signal  length.  The  outputs  of  interest  are
labeled  with  9  structural  states  which  correspond  to  the
following:  intact/undamaged  state  (State  0),  removal  of
the east side braces (State 1), removal of the braces on all
floors on a bay in the south-east corner (State 2), removal
of braces on the 1st and 4th floors on a bay in the south-
east corner (State 3), removal of braces on the 1st floor on
a bay in the south-east corner (State 4), removal of braces
 

 
Fig. 6    Graphical  representation  of  the  ASCE benchmark  steel
frame structure.
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on all floors on the east face and on the 2nd floor on the
north  face  (State  5),  removal  of  all  braces  on  all  faces
(State 6) removal of all braces and loosening bolts on all
floors of beams on the east face (State 7), removal of all
braces and loosening bolts on the first  and second floors
of beams on the east face (State 8). More details about the
experiment can be found in Ref. [34].

Next,  we provide LLM with 9  examples,  one for  each
class,  and  demand  LLM  to  automatically  perform  data
analytics  under  the  assumption that  LLM is  an  expert  in
signal  processing,  according  to  the  role  prompting
strategy.  These  examples  are  graphically  illustrated  in
Fig. 7 and  the  responses  of  LLM are  shown in Fig. 8.  It
can  be  seen  that  LLM provides  about  three  assessments
for each signal, mainly focusing on frequency oscillation
and  signal  amplitude,  aligning  with  signal  patterns
(Fig. 7).  These  insights  are  relatively  general,  hence,  not
very  useful  for  further  damage  detection.  Via  these
examples,  LLM  becomes  acquainted  with  the  problem,
has memory of the data format, and is assigned an expert
role.

After that, we instruct LLM to perform data extraction,
converting  high-dimensional  vibration  data  into  low-
dimension  feature  vectors.  In  the  authors’  opinion,  this
step  can  be  conducted  in  two  ways.  The  first  way  is  to
directly  demand  LLM  to  perform  mathematical  opera-
tions to  obtain statistical  features.  Despite  LLM’s ability
to  perform mathematical  operations  with  relatively  good
accuracy,  each  prompt  takes  seconds  to  accomplish.

Thus,  when  working  with  thousands  of  examples,  the
total  computation  time  could  be  several  hours  or  days.
Furthermore,  the  authors  experienced  a  reduction  in
accuracy as the number of samples increased. The second
way  involves  instructing  LLM  to  act  as  a  programmer
and generate a program for feature extraction, given that
the desired features are clearly mentioned in the prompt.
Surprisingly,  the  code  generation  by  LLM,  depicted  in
Fig. 9,  smoothly  operates  without  any  bugs.  We  also
require LLM to format the outputs in a list of dictionaries
and save them in a JSON file with ID, state,  and feature
fields,  following  a  data  management  technique  used  for
raw vibration data.

Subsequently,  LLM  is  utilized  to  analyze  the  under-
lying patterns of feature vectors that may lead to different
structural  states.  Some  feature  vectors  with  assigned
classes  are  fed  to  LLMs,  the  meaning of  features  is  also
clarified, and LLM is considered as an expert data analyst
adept  at  classifying  data.  The  prompt  and  LLM’s
response  is  demonstrated  in  Fig. 10.  Apparently,  LLM
examines classes one by one, discussing the properties of
the  value  ranges  and  value  distributions.  These  discus-
sions  serve  as  the  basis  for  qualitatively  discriminating
data samples within various groups.

Since,  LLM  has  explored  the  structural  database  and
acquired  an  understanding  of  the  structural  problem  to
some  extent  via  multiple  rounds  of  prompts  and  also
gains knowledge about data management, including input
features  and desired outputs,  we prompt LLM to build  a

 

 
Fig. 7    Example of vibration signals corresponding to nine structural states.
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machine learning-based classifier to identify the structural
states,  assuming  that  LLM  possesses  expertise  in  both
SHM  and  machine  learning.  The  prompts  and  LLM’s
corresponding responses are demonstrated in Figs. 11 and
12.  The  program  provided  by  LLM  operates  straight-
forwardly  with  the  investigated  database  without

requiring  any  additional  steps  for  manual  correction  or
adjustment.  Notably,  this  classifier  achieves  an  average
high accuracy of 98% across all classes (Table 1).

In summary, this case study clarifies all the steps of the
workflow  presented  in  Fig. 5,  demonstrating  the
applicability  of  the  LLM-assisted  SHM  framework  with

 

 
Fig. 8    Prompt and LLM’s corresponding responses for analyzing raw vibration signals using the GPT 3.5 model.
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detailed results, showing that this framework relieves the
users  from the burden of  conducting data  exploration by
hand or building a task-specific program from scratch. 

3.2    Laboratory 3-story steel frame

The  second  case  study  involves  a  laboratory  three-story
steel  frame  at  the  Alamos  laboratory  [35],  as  shown  in
Fig. 13. The structure was subjected to random excitation
caused by a  shaker  positioned at  its  base,  and vibrations
were  recorded  at  the  three  stories  plus  the  base  through
four  accelerometers.  For  this  example,  the  sliding
window  technique  was  utilized  to  divide  the  measured
signals  into  sub-time-series.  These  sub-time-series  were
subsequently  reshaped  into  a  3D  tensor  with  a  shape  of

[35328,4,128]  where  35328  is  the  total  number  of  data
samples, 4 is the number of sensors, and 128 is the signal
length.  The  data  samples  were  labeled  by  one  of  seven
structural  states  as  detailed  in  Table 2.  Damage  is
simulated  by  reducing  the  stiffness  of  the  frame’s
columns.  In  this  example,  we  consider  seven  structural
states,  which  are  an  undamaged  state  (State  0),  50%
stiffness reduction of one column on the first floor (State
1),  50%  stiffness  reduction  of  two  columns  on  the  first
floor (State 2), 50% stiffness reduction of one column on
the  third  floor  (State  3),  50%  stiffness  reduction  of  two
columns  on  the  first  floor  (State  4),  50%  stiffness
reduction  of  two  columns  on  the  second  floor  (State  5),
50%  stiffness  reduction  of  one  column  on  the  second
floor  (State  6).  A  more  detailed  description  of  the

 

 
Fig. 9    Prompt and LLM’s corresponding responses for feature extractions using the GPT 3.5 model.
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experiment  can  be  found  in  Ref.  [35]  and  vibration  data
can  be  publicly  accessed  on  the  website  of  the  Alamos
laboratory.  This  is  one  of  the  most  well-known
benchmark  data  sets  for  SHM  applications  involving
multivariate vibration signals [36, 37].

Similarly to the first case study, a sequence of prompts

is  posed  to  LLM.  On  the  one  hand,  the  LLM-based
framework provides meaningful insights into the dynamic
characteristics  of  vibration  signals  that  may  underlie
different structural states (Fig. 14). On the other hand, the
prompt  progressively  steers  the  LLM  to  understand  the
data  format  and  the  problem  under  investigation.  More

 

 
Fig. 10    Prompt and LLM’s corresponding responses for classifying structural states using extracted features using the GPT 3.5 model.
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specifically, in the first prompt, we directly provide some
data  samples  including  vibration  signals  from  four
sensors and their  corresponding structural  states,  i.e.,  the
labels  of  data  samples.  We  also  instruct  LLM to  extract
informative properties that may exist within raw vibration
signals. Via these examples, LLM comprehends the data’s

nature  and  format;  enabling  it  to  deliver  an  error-free
program  for  extracting  meaningful  dynamic  features.
Afterward, we provide certain examples of extracted data
to  LLM  and  demand  it  to  perform  feature  analysis,
unveiling  which  features  and  how  their  values  could
assist  users  in  discriminating  different  structural  states.

 

 
Fig. 11    Prompt and LLM’s corresponding responses for building a ML-based classifier using the GPT 3.5 model.
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Finally,  we  instruct  the  LLM  to  develop  an  ML-based
classifier for inversely detecting corresponding structural
states  given  vibration  signals’  feature  vectors.  In  the
following paragraphs, the results of these prompts will be
presented and discussed.

First,  the maximum number of tokens for each prompt

for  LLMs  is  4096,  whereas,  each  data  sample  in  this
example  contains  4  ×  128-length  signals  and  correspon-
ding  labels,  i.e.,  only  a  limited  number  of  data  samples
can be included in each prompt. It is also noted that each
numerical value should be represented with no more than
three decimal digits; otherwise, the maximum length of a

 

 
Fig. 12    Prompt and LLM’s corresponding responses for fine-tuning a ML-based classifier for the ASCE benchmark data set.
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prompt  would  be  exceeded.  Note  that  LLMs  faced
difficulty  when  directly  working  with  raw  vibration
signal,  as  they  consider  each  digit  instead  of  each  real
value as a token, making the number of token very large.
Specifically,  when  including  seven  data  samples  in  a
single  prompt,  each  representing  a  structural  state,  the
total  number  of  characters  goes  beyond  30000.
Consequently, such an excessively lengthy prompt cannot
be accepted by current LLMs. That is why we investigate
sensor signals story by story.  The responses of LLM are
summarized  in  Fig. 15.  It  can  be  seen  that  LLM
summarized  the  range  of  signal  amplitudes,  and
qualitatively  assessed  the  oscillation/variations  of  the

signals.  However,  this  information  remains  still  vague
hence  we  instruct  LLM  to  apply  advanced  signal
processing  techniques  and  feature  extraction  for  further
analysis.

Next,  for  feature  extraction,  the  code  provided  by
LLMs  can  be  used  in  a  straightforward  way  without
requiring  any  corrections,  as  presented  in  the  previous
example,  except  that  we  include  the  fundamental
frequency and the length of feature vector of each sample
is  44  for  all  four  sensor  signals.  We  provide  seven
extracted  features  to  LLM,  each  for  a  structural  state,
assuming LLM as an advanced classifier, and prompt it to
qualitatively  analyze  these  features.  Next,  for  feature
extraction,  the code provided by LLMs can be used in a
straightforward way without requiring any corrections, as
presented in the previous example, except that we include
the  fundamental  frequency  (Fig. 16).  The  length  of  the
feature  vector  of  each  sample  is  44  for  all  four  sensor
signals. We provide seven examples of extracted features
to LLM, one for  each structural  state,  assuming LLM as
an  advanced  classifier,  and  prompt  it  to  qualitatively
analyze these features.

Although  LLMs  are  powerful  foundation  models  that
can  understand  natural  language  texts  at  an  impressive
level, LLMs themselves are regarded as black boxes due
to  their  complex,  very  deep  architecture  with  many
parameters.  Hence,  it  is  difficult  for  most  users  to
comprehend  the  internal  working  mechanism  of  LLMs,
discern  the  rationale  for  selecting  a  specific  machine
learning  model  over  others,  determine  the  reliability  of
the outputs, and assess whether there are any bugs/errors
within  them.  One  practical  and  helpful  way  to  promote
the  interpretability  and  transparency  of  LLM-assistant
frameworks is to include the steps of reasoning within the
prompt.  These  steps  provide  LLMs  knowledge  on
different  aspects  involving  data  under  investigation  and
machine  learning  expertise,  making  the  model  outputs
less opaque and more reliable. Herein, to build a classifier
for  identifying  the  structural  states  of  the  investigated
example, we employed detailed prompts (Figs. 17 and 18)
explicitly  specifying  data  loading,  data  standardization,
data  splitting,  the  definition  of  the  ML  classifier,  the
training  process,  fine-tuning  and  the  evaluation.  By
utilizing  these  code  snippets,  the  SHM accuracy  for  this
example  reaches  around  90%,  with  more  details  shown
via the confusion matrix and reports presented in Table 3
and  Fig. 19.  To  graphically  demonstrate  the  obtained
structural identification results, the One-vs-Rest Receiver
Operating  Characteristic  curve  and  corresponding  Are
Under  the  Curve  (AUC)  are  utilized  to  demonstrate  the
obtained  structural  identification  results  graphically.  The
prompt and corresponding snippet code derived from the
GPT  3.5  answer  is  presented  in  Fig. 20,  and  resulting
ROC curves are illustrated in Fig. 21. It is recalled that a
random  guess  has  an  AUC  of  0.5,  whereas  a  perfect

 

Table 1    Number of trainable parameters of the proposed framework
Class Precision Recall F1-score

0 1.00 1.00 1.00

1 1.00 1.00 1.00

2 1.00 1.00 1.00

3 1.00 1.00 1.00

4 1.00 1.00 1.00

5 1.00 1.00 1.00

6 1.00 1.00 1.00

7 0.95 0.95 0.95

8 0.97 0.97 0.97

 

 
Fig. 13    Schematic representation of the three-story steel frame
structure at the Alamos laboratory [35].

 

Table 2    Investigated structural states of the three-story steel frame
State Structural state description

0 healthy

1 reducing 50% stiffness of one column on the first floor

2 reducing 50% stiffness of two columns on the first floor

3 reducing 50% stiffness of one column on the third floor

4 reducing 50% stiffness of two columns on the third floor

5 reducing 50% stiffness of two columns on the second floor

6 reducing 50% stiffness of one column on the second floor
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prediction attains an AUC of 1.0.  It  can be seen that  the
AUC  obtained  in  this  example  by  the  LLM-based
framework  achieves  AUC  values  of  more  than  0.97,
reaffirming good damage detection results.

On the other aspect, in the authors’ opinion, current AI

tools,  even  the  latest  large-scale  foundation  models,  are
still not able to directly deal with complex dynamics such
as  permanent  displacement  or  hysteresis  for  at  least  two
reasons.  1)  First,  these  AI  tools  are  trained  on  general
databases  which  contain  a  wide  range  of  types  of  data.

 

 
Fig. 14    Prompt and LLM’s corresponding responses for analyzing raw vibration signals of the laboratory frame structure using the GPT
3.5 model.
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However,  such  databases  may  lack  sufficient  complex
dynamic  data,  which  are  difficult  and  scarce  to  obtain.
Only  a  small  number  of  research  groups  possess  these
kinds  of  data.  2)  Even  with  these  relevant  data  in  hand,
fine-tuning  large-scale  AI  foundation  models  for  a  civil

engineering task requires expensive computation servers,
long  training  time,  and  advanced  knowledge  in  deep
learning  architecture,  which  is  not  readily  available  to
most  structural  engineers.  However,  LLM-based  AI
models  can  be  used  indirectly,  such  as  assisting  in

 

 
Fig. 15    Prompt  and  LLM’s  corresponding  responses  for  classifying  structural  states  using  extracted  features  of  the  laboratory  frame
structure using the GPT 3.5 model.
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automating  the  preprocessing  steps  to  provide  general
insights about data and building classifiers in a low-code
manner. More specifically, scientists can provide step-by-
step guidance for LLM-based models via CoT prompting
strategies  and  then  request  the  LLM  to  generate
corresponding code snippets to perform these tasks. 

4    Conclusions

In  this  study,  a  novel  and  practical  SHM  framework
based  on  LLM  and  prompt  engineering  has  been
proposed  and  developed  in  a  comprehensive  fashion,
including  the  overall  workflow,  background  knowledge,
technical  know-how,  and  implementation  details.  The
viability  of  the  proposed  method  is  investigated  through
realistic and publicly accessible experimental data; hence
it is straightforward to reproduce the obtained results with
the  provided  prompts.  Based  on  the  presented  findings,
the main conclusions can be summarized as follows.

1)  A  complete  workflow for  automatically  performing
SHM  tasks  using  LLM  and  prompt  engineering  is
proposed and implemented.

2)  Directly  utilizing  LLMs  to  perform  specific  tasks
such  as  detecting  structural  states,  cannot  provide

satisfactory  results.  However,  employing  LLMs  in  an
indirect  way,  such  as  acting  as  an  assistant  to  provide
general  insights  about  data  and  generating  code  snippets
to  perform  SHM  tasks,  can  achieve  highly  accurate
results.

3)  This  pioneering  work  opens  a  new  and  fruitful
avenue  for  future  work  in  developing  highly  automated
knowledge-informed  LLM-assistant  applications  for
SHM  and  other  tasks  in  civil  engineering  because  it
liberates  researchers  and  engineers  from  technical
obstacles  posed  by  programming  languages  with  strict
syntaxes  or  overly  complicated  mathematical  formula-
tions.  Therefore,  they  can  concentrate  on  core  ideas,
allocate  more  time  and  resources  to  experiment  with
different  innovative  ideas,  and  share  their  findings  more
straightforwardly  with  broader  audiences  because  all
framework  steps  are  realized  via  human-machine
interaction in natural languages.

4)  The  performance  and  applicability  of  the  proposed
method  are  quantitatively  demonstrated  via  two
examples,  showing  that  with  well-managed  data  and  a
proper  flow  of  prompts,  LLMs  can  well  understand  the
problem and provide error-free ML-based classifiers that
are  capable  of  providing  results  with  a  high  accuracy  of
up to more than 90% for the investigated SHM problems.

 

 
Fig. 16    Prompt  and  LLM’s  corresponding  responses  for  classifying  structural  states  using  extracted  features  of  the  laboratory  frame
structure using the LLAMA 2 model.
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The  combination  of  LLM  and  ML  algorithms  may
increase the black-box nature of the approach. Therefore,
it  is  urged  that  the  transparency  of  the  LLM-assistant
methods and the interpretability of their outputs should be
improved.  This  can  be  achieved  through  a  knowledge-
informed  prompt  strategy  and  by  including  more
contextual information in prompts. It is also noted that the
current  maximum  prompt  length  is  limited,  but  with
increasing  development  in  this  active  field,  the  next
generation  of  LLM  will  certainly  extend  the  prompt

length  much  longer;  hence,  we  could  incorporate  more
relevant instruction. Another limitation at this stage of the
research  is  that  a  model  train  with  vibration  data
generated  by  random  excitation  does  not  ensure
performance  well  on  other  vibration  data  caused  by
earthquakes. This is because the statistical characteristics
of  the  latter  differ  entirely  from  those  of  the  formers  in
various  perspectives,  such as  the frequency contents,  the
signal durations, and distribution shifts of amplitudes. To
the best of the authors’ knowledge, to build an AI model

 

 
Fig. 17    Prompt and LLM’s corresponding responses for building a ML-based classifier using the LLAMA 2 model.
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that  can  perform  on  different  vibration  databases
generated  by  random  excitation,  earthquake,  or  other
types  of  excitations,  we  need  to  build  a  large-scale
foundation  model  trained  on  massive,  reliable  data  as
done in computer vision [38], chemistry [39], Seismology
[40].

For  future  research,  it  is  interesting  to  extend  the
method to account for multi-modal input data like images
and  video  in  addition  to  vibration  signals.  For  this
purpose,  it  is  necessary  to  engineer  an  adequate  data

 

 
Fig. 18    Prompt and LLM’s corresponding responses for fine-tuning a ML-based classifier.

 

Table  3    Results  of  structural  damage  detection  using  the  classifier
provided by LLM (LLAMA2) on the laboratory frame structure
Class Precision Recall F1-score
0 0.89 0.85 0.87
1 0.89 0.87 0.88
2 0.92 0.97 0.94
3 0.88 0.90 0.89
4 0.96 0.96 0.96
5 0.90 0.90 0.90
6 0.86 0.86 0.86
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pipeline covering data management, data storage and date
ingestion  into  LLMs.  It  is  also  necessary  to  fine-tune
LLMs  with  appropriate  data  sets,  although  it  is
challenging  for  individuals  to  pre-train  very  big  LLMs
with  personal  computational  devices.  Another  promising
way is to link LLM with other tools and build a workflow
where LLM serves as a central brain, sending requests to
and  receiving  responses  from  task-specific  tools,  before

generating comprehensive answers to users.  Finally,  it  is
intriguing to deploy this framework for real structures in
the  next  step  of  the  study  by  supplement  components
such  as  a  web  app  for  visualizing  results  and  an  update
procedure  for  accommodating  new  structural  states  or
damage  scenarios  in  addition  to  the  presented  inference
ability  of  LLMs  and  domain  knowledge  from  users’
prompts.
 

 

 
Fig. 19    Detailed of structural damage detection results via confusion matrix.

 

 
Fig. 20    Prompt and code snippet derived from LLM responses for plotting ROC curves using the GPT 3.5 model.
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