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Abstract    Deep  Learning  (DL)  has  revolutionized  the
field of Artificial Intelligence (AI) in various domains such
as computer vision (CV) and natural language processing.
However,  DL models  have limitations  including the  need
for  large  labeled  datasets,  lack  of  interpretability  and
explainability, potential bias and fairness issues, and limi-
tations  in  common sense reasoning and contextual  under-
standing.  On  the  other  side,  DL  has  shown  significant
potential  in  construction  for  safety  and  quality  inspection
tasks using CV models. However, current CV approaches
may  lack  spatial  context  and  measurement  capabilities,
and struggle with complex safety and quality requirements.
The integration of Neuro-Symbolic Computing (NSC), an
emerging field that combines DL and symbolic reasoning,
has been proposed as a potential solution to address these
limitations.  NSC has  the  potential  to  enable  more  robust,
interpretable,  and  accurate  AI  systems  in  construction  by
harnessing  the  strengths  of  DL  and  symbolic  reasoning.
The combination of symbolism and connectionism in NSC
can  lead  to  more  efficient  data  usage,  improved  general-
ization  ability,  and  enhanced  interpretability.  Further
research  and  experimentation  are  needed  to  effectively
integrate  NSC  with  large  models  and  advance  CV  tech-
nologies for precise reporting of safety and quality inspec-
tion results in construction.
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1    Introduction

Deep  Learning  (DL)  has  received  great  attention  from
academia and industry in the past decade and become the
focus  of  Artificial  Intelligence  (AI)  research  (d’Avila
Garcez  and  Lamb,  2023).  DL  has  not  only  changed  the
research  paradigm  in  the  field  of  AI,  but  also  directly
affected  many  fields  of  computer  science,  including
computer  vision  (CV)  and  natural  language  processing
(LeCun et al., 2015). However, DL is still being criticized
due  to  the  following  main  weaknesses,  including  the
dependency  on  large  labeled  datasets,  lack  of  inter-
pretability  and  explainability,  potential  bias  and  fairness
issues,  and  limitations  in  common  sense  reasoning  and
contextual  understanding.  These  limitations  can  impact
the performance, robustness, interpretability, and fairness
of DL models in certain situations.
DL  applications  in  construction  are  still  in  the  early

stages of development, but they show significant potential
in various areas. For example, DL-based CV models can
analyze images and videos to assist with construction site
monitoring  (Luo  et  al.,  2019;  2020),  progress  tracking
(Lei et al.,  2019; Braun et al.,  2020), and quality control
(Rodríguez-Gonzálvez  et  al.,  2017;  Yang  et  al.,  2018).
They  can  identify  objects,  detect  safety  hazards,  and
monitor  construction  activities  in  real-time,  improving
safety,  efficiency,  and quality.  However,  the  current  CV
applications in construction may have limitations in accu-
rately  evaluating  specific  safety  or  quality  requirements
due  to  their  reliance  on  basic  object  detection  networks
that  may lack  spatial  context  and  measurement  capabili-
ties.  Furthermore,  these  networks  may  struggle  to  accu-
rately  assess  spatial  relations,  measure  distances,  and
evaluate  complex  safety  and  quality  requirements  in
dynamic construction environments.
• In terms of safety management, the previous research

on unsafe behavior  analysis  mainly focuses on the topo-
logical relationship on the two-dimensional image plane,
without  considering  three-dimensional  spatial  factors
such as distances and angles, and it is difficult to support
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the  reasoning  of  quantitative  safety  rules.  Vision-based
construction safety risk monitoring is mainly aimed at the
unsafe  behavior  of  workers  and  construction  machinery
(Seo et al., 2015). Although logical reasoning technology
has  been  introduced  to  improve  the  flexibility  of  DL
methods  for  identifying  human–machine  risk  behaviors
(Zhong  et  al.,  2020;  Wu  et  al.,  2021),  the  existing
research  mainly  focuses  on  the  topological  relationship
on the two-dimensional image plane, without considering
the spatial distance and direction relationship.
• In  terms  of  qualitative  quality  inspection,  vision-

based  quality  defect  detection  is  widely  investigated  in
the  past  decade.  Quantitative  quality  inspection  adopts
point clouds as the main data form, which is organized by
irregular points with characteristics such as inhomogeneity
and disorder.  The previous research focuses on scanning
to  building  information  modeling  (BIM)  and  evaluates
the results against quality rules (Wang, 2019). The various
shapes  formed  by  the  abstraction  of  these  points  are
usually difficult to distinguish, making it still challenging
to  segment  fine-grained  semantic  objects  from  point
clouds. Hard coded spatial rules have good efficiency and
accuracy in specific situations, but it  will  lose generality
and reduce the generalization ability of the technology.
The  integration  of  symbolism  and  connectionism  has

become  the  main  research  trend  in  the  realization  of
advanced AI in  recent  years  (d’Avila  Garcez and Lamb,
2023).  Symbolism  postulates  physical  symbol  systems
and  the  principle  of  bounded  rationality,  while  the  main
principles  of  connectionism  are  the  neural  network  and
the  connection  mechanism  and  learning  algorithm
between  neural  networks.  High-level  cognitive  tasks,
such  as  abstraction,  reasoning,  and  interpretation,  are
closely  related  to  symbolic  systems,  but  often  cannot
adapt  to  complex  high-dimensional  spaces.  Neuro-
Symbolic  Computing  (NSC)  combines  the  strengths  of
DL models with symbolic methods, thereby significantly
reducing  the  search  space  of  symbolic  methods  (Mao
et al., 2019).
The  strengths  of  symbolic  logic  and  neural  networks

can  complement  each  other  (Garnelo  and  Shanahan,
2019). First, the declarative properties of symbols enable
symbolic  representations  to  be  reused  in  different  tasks,
thus  improving  data  usage  efficiency.  Second,  symbolic
representations  are  usually  abstract  and  thus  help  to
improve  the  generalization  ability  of  the  model.  Finally,
symbolic representations use natural language-like propo-
sitional  notations  and  are  thus  more  understandable  to
humans,  improving  model  interpretability.  Kahneman
et  al.  (2020)  believed  that  combining  neural  networks
with  symbolic  reasoning,  that  is,  constructing  neuro-
symbolic  AI,  is  the  key  to  constructing  rich  AI  systems
(semantics  are  reasonable,  explainable,  and  credible  AI
systems).
In  this  paper,  we  emphasize  that  current  CV  applica-

tions,  based  on  basic  object  detection  and  semantic

segmentation networks, may struggle to accurately evalu-
ate specific safety or quality requirements due to the lack
of spatial context, measurement capabilities, and domain-
specific  knowledge.  We  propose  the  use  of  NSC  as  the
methodology  that  integrates  construction  engineering
knowledge  with  DL  to  address  these  limitations.  We
argue that NSC, which combines the strengths of DL and
symbolic  reasoning,  has  the  potential  to  provide  more
robust,  interpretable,  and  accurate  AI  systems  for  safety
and quality inspection in construction. In the long run, the
highly  intelligent  and  autonomous  safety  and  quality
management could be achieved.

 

2    Computer vision for construction safety
and quality management

This paper focuses on safety and quality management in
construction.  Therefore,  the  literature  on  these  two
aspects is selected. We trust that the cognitive statements
about them can be generalized to other project management
areas requiring accurate spatial rules.

 2.1    Vision-based unsafe behavior detection

Vision-based  construction  safety  risk  monitoring  is
mainly  carried  out  around  unsafe  behaviors  of  workers
and construction machinery (Seo et al., 2015). Before DL
was  widely  recognized  and  applied,  visual  surveillance
research mainly used CV techniques based on handcrafted
features  (LeCun  et  al.,  2015).  Numerous  studies  (Chi
et  al.,  2009;  Brilakis  et  al.,  2011)  have  focused  on  the
task  of  identifying  and  tracking  workers  and  machinery
on  construction  sites  for  service  productivity  analysis
(Gong and Caldas, 2010; Teizer, 2015; Yang et al., 2015)
and safety monitoring (Teizer  et  al.,  2010; Vahdatikhaki
and  Hammad,  2015).  There  are  also  studies  (Chi  and
Caldas, 2011; 2012) using stereo vision cameras to obtain
depth  data  in  earthwork  scenes,  estimate  the  moving
speed and mutual distance of workers and equipment, and
then  implement  safety  risk  monitoring  based  on  speed
and distance.
Since DL outperformed manual feature-based machine

learning techniques in image classification tasks in 2012
(Krizhevsky  et  al.,  2012),  it  has  gradually  gained  the
attention of academics and the industry, and has achieved
breakthroughs  in  object  recognition  (Girshick,  2015),
object tracking (Girdhar et al., 2018), and activity analysis
(Kim et al., 2018) tasks. It has greatly promoted its appli-
cation  in  the  field  of  engineering  management.  In  terms
of  unsafe  behavior  analysis  tasks,  using  convolutional
neural  networks  (CNNs)  (Ren  et  al.,  2017)  to  identify
whether  workers  wear  hard  hats  is  a  common  research
pattern  (Fang  et  al.,  2018a;  Wu  et  al.,  2019;  Li  et  al.,
2020). Fang et al. (2018c) also utilized CNNs to identify
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the  use  of  safety  ropes.  Ding  et  al.  (2018)  combined
CNNs with recurrent neural networks (RNNs) (Hochreiter
and  Schmidhuber,  1997)  to  identify  unsafe  behaviors
associated  with  work  ladder  use  by  means  of  activity
classification.  In  addition,  Fang  et  al.  (2018b)  combines
activity  recognition  technology  (Luo  et  al.,  2018)  with
face recognition technology (Zhang et al., 2016) to check
whether special operation workers are licensed to operate.
Research  on  unsafe  behavior  of  machinery  includes  risk
identification  and  early  warning  of  strikes  by  lifting
machinery. DL techniques are widely used in the study of
unsafe behavior of workers and machinery, which further
demonstrates  their  superior  performance  in  low-level
perception  tasks  (such  as  object  recognition,  semantic
segmentation,  and  activity  recognition),  but  methods
using  only  DL  techniques  are  only  suitable  for  specific
behavioral risk identification.
To solve the above-mentioned flexibility problem, logi-

cal  reasoning  technology  is  introduced  into  the  analysis
of unsafe behavior. Studies (Zhong et al., 2020; Wu et al.,
2021)  use  semantic  networks  to  model  safety  rules,  use
semantic  segmentation  techniques  (He  et  al.,  2017)  to
obtain  visual  information  about  workers’  location,
morphology,  and  their  environment,  and  finally  use
safety rules grounded in visual information to make infer-
ences  to  determine  the  risks  of  worker  behavior.  Fang
et  al.  (2021)  adopted  another  approach.  After  extracting
the  visual  features  of  workers  with  DL  methods,  the
visual  features  were  matched  with  safety  rule  texts
(Huang et al., 2020) to identify unsafe behaviors of workers
in on-site photos. The advantage of the method matching
natural  language  and  visual  features  is  that  the  data  is
easier  to  obtain,  but  it  is  not  as  strict  as  the  description
logic  and  therefore  maintains  the  flexibility.  Although
logical  reasoning  technology  has  been  introduced  to
improve the flexibility,  the methods mainly focus on the
topological  relationship  on  the  two-dimensional  image
plane,  without  considering  the  spatial  distance  and
direction relationship.
In conclusion, the use of DL techniques in combination

with CV methods has significantly advanced the field of
construction  safety  risk  monitoring,  particularly  in
analyzing  unsafe  behaviors  of  workers  and  machinery.
However, there are limitations in using only DL techniques
for  specific  behavioral  risk  identification,  and  the  intro-
duction  of  logical  reasoning  technology  has  been
explored  to  address  the  flexibility  problem.  Further
research is  needed to develop comprehensive and robust
methods for construction safety risk monitoring.

 2.2    Infrastructure 3D reconstruction for quality and safety
checking

Infrastructure  3D  reconstruction  is  usually  carried  out
without a design model. The typical technical route is to
apply or propose a spatial clustering algorithm to process

different views of a point  cloud, obtain the position of a
specific  type  of  components  according  to  the  projection
point  density  or  clustering,  and realize  the  detection and
segmentation of a specific component, and then generate
mesh surfaces or fit solid geometry based on the segmen-
tation  results,  and  finally  carry  out  downstream  quality
and safety checking tasks on this basis.
Wang (2019) used point clouds for safety rule checking

on scaffolding platforms. The study employed a clustering
method on slices from the top view of the point cloud to
determine the positions of  the upright  poles and identify
the  scaffold’s  location.  Scaffolding  platforms,  including
scaffolding  boards  and  horizontal  members,  were  then
identified  based on the  histogram of  the  top view of  the
point  cloud.  Toe  guards  and  guardrails  were  identified
based on the side view. Finally, qualitative or quantitative
rule  metric  values  were  extracted  manually  or  through
hardcoding  and  compared  with  rule  requirements  to
assess the compliance of the scaffolding placement.
Similarly,  Kim  et  al.  (2022)  involved  fine-tuning  the

point cloud segmentation network RandLA-Net (Hu et al.,
2020)  using  a  transfer  learning  strategy  for  the  segmen-
tation  of  scaffold  and  background  point  clouds.  The
segmentation results  were further processed using multi-
view projection,  with outliers  cleaned up through spatial
clustering.  Different  views  were  selected  for  projection
processing based on the direction characteristics of differ-
ent  scaffold  components.  Thermal  maps  were  used  to
identify the position,  and the side view was used for the
support  and  horizontal  rod.  Linear  fitting  was  employed
to determine the position,  and the working platform was
established  based  on  the  horizontal  view  after  removing
the  vertical,  support,  and  horizontal  rods.  However,  it’s
worth noting that these methods rely on manual experience
for view selection, component location, and segmentation,
which may limit their generality and flexibility.
In summary, both studies utilize point clouds for safety

rule  checking  on  scaffolding  platforms.  Wang  (2019)’s
study employs clustering methods and manual extraction
of  rule  metric  values,  while  Kim  et  al.  (2022)’s  study
involves fine-tuning a point  cloud segmentation network
and  uses  multi-view  projection  with  manual  component
location. However, both methods may have limitations in
terms  of  generality  and  flexibility  due  to  reliance  on
manual experience for certain tasks.

 

3    Neuro-Symbolic Computing

According  to  the  form and  combination  of  neural  archi-
tecture  and  symbolic  architecture,  NSC  architecture  can
be  divided  into  three  categories  (Garnelo  and  Shanahan,
2019).  Based  on  these  categories,  we  will  discuss  the
potential  of  NSC  to  address  some  of  the  limitations  of
current CV applications in construction in Section 4.
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 3.1    Neural networks performing logical reasoning

The  first  class  of  architectures  uses  neural  networks  to
perform logical reasoning. TensorLog (Cohen et al., 2017)
first  converts  the first-order  logic knowledge base into a
factor  graph  called  random  logic  program  (Cussens,
2001), whose random variables correspond to the logical
variables in the logic proof, and the factors correspond to
the  predicates  in  the  knowledge  base.  Subsequently,
constants  in  the  knowledge base  are  converted into  one-
hot  vectors,  binary  predicates  are  encoded  into  sparse
matrices, unary predicates are encoded into sparse vectors,
and logical queries are compiled into differentiable func-
tions in the neural network structure. Ultimately, the logical
reasoning  process  can  be  seen  as  a  belief  propagation
process on a factor graph on a DL architecture, realizing
the  integration of  logical  reasoning and DL architecture.
pLogicNet  (Qu  and  Tang,  2019)  combines  the  Markov
logic network (Richardson and Domingos, 2006) with the
knowledge  graph  embedding  (Wang  et  al.,  2017),  uses
the domain knowledge defined by the first-order predicate
logic,  constructs  the  joint  distribution  of  knowledge
triples  based  on  a  Markov  logic  network,  and  uses  the
expectation maximization algorithm to perform optimiza-
tion.  Among them,  the  parameter  expectation  estimation
stage  uses  the  knowledge  graph  embedding  method  to
infer the missing triplets, and the likelihood maximization
stage  updates  the  logical  rule  weights  based  on  the
observed and predicted triplets.

 3.2    Logical language defining neural networks

The  goal  of  the  second  class  of  architectures  is  to  use
logical  language  to  define  neural  networks.  Lifting
models  (aka  templated  models)  have  received  a  lot  of
attention  in  the  field  of  statistical  relational  learning  in
recent  years,  such  models  derived  from  predefined
schemas  (Kimmig  et  al.,  2015).  For  example,  a  Markov
logic network model can express logic such as “friends of
smokers are probably also smokers”. The idea of defining
models with patterns in the lift model was also developed
in  the  framework  of  neuro-symbolic  computation.  For
example,  in  Lifting  Relational  Neural  Network  (LRNN)
(Sourek  et  al.,  2018),  the  rules  of  first-order  predicate
logic  are  used  to  describe  the  structure  of  the  question
and construct the template of the neural network. Different
neural networks are constructed for different query ques-
tions,  and  the  weights  of  neurons  in  the  neural  network
(corresponding to logic rules) are shared across networks.
LRNN is a one-way reasoning, so it is necessary to build
a separate neural network for each logical query problem
with  a  new  structure,  which  has  the  problem  of  high
computational  cost.  Logical  Neural  Networks  (LNNs)
(Riegel et al., 2020) transform weighted real-valued logic
programs  into  syntactic  graph  structures,  and  syntactic
graphs  further  normalize  neural  network  structures,

where each neuron represents an element (atomic concept,
predicate, or connection word). The reasoning of LNN is
omnidirectional  and  does  not  focus  on  predefined  target
variables.  Therefore,  building  a  network  model  for  a
knowledge  base  can  be  applied  to  different  logical
queries.

 3.3    Integrating inductive learning and deductive reasoning

A third class of architectures is used to integrate inductive
learning and deductive reasoning. This type of architecture
can  integrate  inductive  and  deductive  reasoning  under  a
differentiable  framework.  Systems  using  this  type  of
structures  usually  include  two  types  of  components:
Neural components, which consist of one or more neural
networks;  and  logical  components,  which  provide  a  set
of  algorithms  to  complete  logical  reasoning  mission
(Badreddine et al., 2022). There are three common types
of integration mechanisms.
• One  is  to  introduce  an  additional  layer  in  the  neural

network  to  encode  logical  constraints  and  modify  the
prediction  results  of  the  network  through  logical
constraints.  Representative  works  are  Deep  Logical
Model  (DLM)  (Tran  and  d’Avila  Garcez,  2018)  and
Knowledge  Enhancement  Neural  Network  (KENN)
(Daniele and Serafini, 2019).
• The  second  is  that  differentiable  logical  reasoning  is

used  to  calculate  the  logical  results  predicted  by  the
underlying  neural  network.  The  representative  work  is
DeepProbLog  (Manhaeve  et  al.,  2021),  whose  differen-
tiable  logical  reasoning  is  realized  based  on  algebraic
probabilistic  logic  aProbLog  (Kimmig  et  al.,  2011),
which is the basis for guaranteeing the integration of logical
reasoning and neural network computation.
• The third is to integrate logical knowledge as an addi-

tional constraint into the objective function or loss function
of  the  neural  network  to  train  the  neural  network.  A
representative work is the Logical Tensor Network (LTN)
(Badreddine et al., 2022), which defines concept grounding
based on real-valued logic and logical domains, and maps
them  to  real-field  tensors  or  tensor-based  operations,
including functions and predicates. The reasoning process
of  LTN  consists  of  three  stages:  1)  grounding  stage,
which  uses  logical  query  data  to  initialize  the  relevant
logical  axioms  in  the  knowledge  base;  2)  feedforward
stage,  which  calculates  the  true  score  of  each  logical
axiom  based  on  the  given  grounding  results;  and
3)  aggregation  stage,  which  aggregates  the  true  score  of
the  axioms,  and  calculates  the  satisfaction  level  of  the
data on the entire knowledge base.

 

4    NSC as an engineering methodology

NSC has the potential to address some of the limitations
of current CV applications in construction. Here, we pick
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out six critical limitations according to our knowledge.
(1) Incorporating spatial context
One  of  the  limitations  of  current  CV  applications  in

construction  is  the  difficulty  in  incorporating  spatial
context,  such as understanding the relationships between
different  objects  or  elements  on  construction  sites.  NSC
architectures,  specifically  those  that  use  neural  networks
for logical reasoning, can leverage their ability to capture
spatial  relationships  and  contextual  information  through
their  layered  representations  and  inference  mechanisms.
By  incorporating  symbolic  reasoning  capabilities,  these
architectures can better understand the spatial context and
relationships among objects,  enabling more accurate and
context-aware  CV  applications  in  construction.  For
example:
• Using  neural  networks  for  logical  reasoning  to

capture  spatial  relationships,  such  as  understanding  the
relative  positions  of  different  construction  elements,  and
reasoning about their interactions and dependencies.
• Employing  CNNs  in  combination  with  symbolic

reasoning mechanisms to capture local and global spatial
context,  enabling  more  accurate  object  detection,
segmentation, and tracking on construction sites.
(2) Enhancing spatial measurement capabilities
Spatial  measurement  is  an  important  task  in  construc-

tion,  and  accurate  measurements  are  crucial  for  various
applications,  such  as  progress  tracking  and  quality
control.  NSC  architectures,  particularly  those  that  allow
for logical language-defined neural networks, can provide
a  framework  to  define  rules  and  constraints  for  spatial
measurement  tasks  using  logical  language.  This  can
enable more precise and consistent spatial measurements,
improving the accuracy and reliability of CV applications
in construction. For example:
• Defining logical rules in a symbolic language to specify

precise  measurement  requirements,  such  as  tolerances,
alignments, and distances, and using these rules to guide
the measurement process in CV applications for progress
tracking and quality control.
• Incorporating  geometric  constraints  and  symbolic

reasoning  mechanisms  into  neural  networks  to  improve
the  accuracy  and  consistency  of  spatial  measurements,
such as measuring the dimensions of building elements or
checking the alignment of structural components.
(3) Handling complex safety and quality requirements
Construction  sites  are  often  subject  to  complex  safety

and quality requirements, and CV applications need to be
able  to  understand and enforce  these  requirements.  NSC
architectures that integrate inductive learning and deduc-
tive reasoning can facilitate the integration of safety and
quality  rules  into  the  learning  and  inference  processes.
This can help in better handling complex safety and quality
requirements  in  CV  applications,  ensuring  compliance
with regulations and standards. For example:
• Integrating  symbolic  reasoning  mechanisms  into

neural  networks  to  enforce  complex  safety  and  quality

rules,  such  as  checking  for  compliance  with  building
codes,  safety  regulations,  and  quality  standards,  in  CV
applications  for  site  monitoring,  inspection,  and  compli-
ance assessment.
• Using  logical  language-defined  neural  networks  to

specify  safety  and  quality  requirements  in  a  symbolic
form  and  leveraging  the  reasoning  capabilities  of  these
architectures to dynamically adapt the CV applications to
complex safety and quality requirements on construction
sites.
(4) Adapting to variable construction environments
Construction sites can vary greatly in terms of environ-

mental  conditions,  lighting,  weather,  and  other  factors,
which  can  affect  the  performance  of  CV  applications.
NSC  architectures  that  use  neural  networks  for  logical
reasoning  can  leverage  their  ability  to  adapt  to  variable
inputs and conditions through their learning and inference
mechanisms. This can enhance the robustness and adapt-
ability of CV applications to different construction envi-
ronments. For example:
• Employing NSC architectures that use RNNs or atten-

tion  mechanisms  to  capture  temporal  dependencies  and
adapt  to  changing  environmental  conditions,  such  as
lighting changes, weather variations, and seasonal effects,
in  CV  applications  for  construction  site  monitoring,
progress tracking, and change detection.
• Leveraging symbolic reasoning mechanisms in neural

networks to handle variations in construction site layouts,
equipment  configurations,  and  material  conditions,  and
adapt  the  CV  applications  accordingly,  for  example,  in
applications  like  site  layout  optimization  or  material
tracking.
(5) Improving interpretability and explainability
Interpretability and explainability are important aspects

of  CV applications,  especially  in  safety-critical  domains
like  construction.  NSC  architectures  that  use  logical
language-defined  neural  networks  or  allow for  symbolic
reasoning  can  provide  interpretable  and  explainable
models.  These  architectures  can  use  symbolic  rules  and
constraints  that  can  be  easily  understood  and  explained,
facilitating  the  adoption  of  CV applications  in  construc-
tion. For example:
• Using  symbolic  reasoning  mechanisms  in  neural

networks to generate explanations or justifications for the
decisions made by the CV applications, such as providing
logical proofs or rule-based explanations for object detec-
tions, measurements, or quality assessments.
• Employing  logical  language-defined  neural  networks

to generate interpretable and explainable models that can
be  easily  understood  and  verified  by  construction  stake-
holders, such as project managers, engineers, and inspec-
tors, facilitating the trust and adoption of CV applications
in the industry.
(6) Handling large dataset problem
Construction  projects  generate  large  amounts  of  data,

and  handling  such  large  datasets  can  be  challenging  for
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CV  applications.  NSC  architectures  that  use  neural
networks  for  logical  reasoning  or  integrate  inductive
learning can leverage their ability to handle large datasets
through  their  training  and  inference  processes.  This  can
enable  more  efficient  and  scalable  CV  applications  in
construction. For example:
• Leveraging the inductive learning capabilities of NSC

architectures  to  handle  large  and  diverse  construction
datasets  for  training  CV  applications,  such  as  using
symbolic  rules  and  constraints  to  guide  the  learning
process  and  improve  the  efficiency  and  scalability  of
training.
• Employing transfer learning techniques in combination

with symbolic reasoning mechanisms to leverage knowl-
edge learned from related domains or datasets, and adapt
CV  applications  to  construction-specific  datasets  with
limited  data  availability,  reducing  the  data  requirements
and  overcoming  the  challenges  of  large  dataset  problem
in construction CV applications.

 

5    NSC and large models

Apart  from  addressing  issues  related  to  spatial  context,
spatial  measurement,  safety  and  quality  requirements,
variable  construction  environments,  interpretability,  and
handling  large  datasets,  NSC  can  also  tackle  input  and
output-related  challenges.  The  input-related  challenge,
known  as  abstract  concept  grounding  (Du  et  al.,  2022;
Jain  et  al.,  2022),  involves  mapping  natural  language
specifications  of  safety  and  quality  requirements  to
concrete  measurements.  On  the  other  hand,  the  output-
related  challenge,  referred  to  as  professional  inspection
reporting, can also be addressed using NSC. By combining
symbolic  reasoning  with  large  models,  a  comprehensive
and  reliable  approach  can  be  achieved  for  evaluating
safety and quality requirements.
(1) Abstract concept grounding
Construction safety and quality requirements are speci-

fied  in  natural  language.  Large  language  models  like
Generative  Pre-trained  Transformer  (GPT)  series
(Radford et al., 2018; Brown et al., 2020) and CV models
like  Detection  Transformer  (DETR)  series  (Zhu  et  al.,
2020;  Carion  et  al.,  2020)  can  potentially  be  used  in
abstract  requirement  concept  grounding  for  construction
safety  and  quality  requirements,  but  with  certain  limita-
tions.  Abstract  requirement  concept  grounding  involves
mapping  natural  language  specifications  of  safety  and
quality  requirements  to  concrete  measurements  that  can
be used for evaluation or inspection purposes in construc-
tion.
Large  language  models  can  be  utilized  in  this  process

by leveraging their language understanding and generation
capabilities to interpret and generate text-based represen-
tations  of  safety  and  quality  requirements.  For  example,

large  models  can  be  trained  to  analyze  and  understand
natural  language  specifications  of  safety  and  quality
requirements,  extract  relevant  information,  and  generate
structured representations or annotations that  capture the
abstract  concepts  involved.  These  structured  representa-
tions  can  then  be  used  for  further  processing,  such  as
mapping  to  specific  actions  or  measurements  for  safety
and quality inspections.
However,  there  are  limitations  to  using  large  models

for abstract concept grounding in construction. One limi-
tation  is  that  the  language  understanding  capabilities  of
large models may not always be accurate or comprehen-
sive,  especially  when  dealing  with  domain-specific
jargon  or  technical  terminology  used  in  construction.
Another limitation is that large models may lack the ability
to  fully  understand  the  contextual  nuances  and  domain-
specific  knowledge  required  for  accurate  grounding  of
abstract  requirements  to  concrete  actions  or  measure-
ments.  Additionally,  large  models  may  not  have  the
necessary  domain-specific  expertise  to  capture  the  intri-
cacies and complexities of safety and quality requirements
in construction accurately.
(2) Professional inspection reporting
NSC can potentially be combined with large models to

report safety and quality inspection results accurately and
professionally  in  construction.  The  combination  of
symbolic  reasoning  and  large  models  can  provide  a
comprehensive  and  reliable  approach  for  evaluating
safety and quality requirements.
One possible approach is to use symbolic reasoning to

define  rules  or  knowledge  representations  that  capture
safety  and  quality  requirements  in  the  construction
domain. These rules can be based on industry standards,
regulations,  guidelines,  and best  practices.  The symbolic
reasoning  component  can  then  analyze  the  output  of  the
large models, which may include detected objects, scene
features,  or  event  recognition,  and  compare  it  with  the
predefined rules or knowledge representations to evaluate
if the safety and quality requirements are met.  The large
models, such as deep neural networks, can be trained on a
large  dataset  of  construction  images  or  videos  to  learn
visual  features,  object  detection,  scene  understanding,
and other  relevant  tasks.  The output  of  the  large  models
can serve as input to the symbolic reasoning component,
which can interpret the results in the context of safety and
quality  requirements  and  generate  professional  reports
accordingly.
Additionally,  NSC  can  also  provide  explainable  AI

capabilities  for  reporting  safety  and  quality  inspection
results.  The symbolic reasoning component can generate
explanations and justifications for the decisions made by
the  large  models,  providing  transparency  and  inter-
pretability  in  the  reporting  process.  This  can  help  in
understanding  the  reasons  behind  the  inspection  results
and  provide  professional  and  reliable  reports  for  safety
and quality assessments in construction.
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However,  it  is  important  to  note  that  using  NSC  to
combine  engineering  knowledge  with  large  models  for
safety  and  quality  inspection  in  construction  may  have
challenges, such as the integration of different reasoning
techniques,  potential  conflicts  between  symbolic  and
neural components, and the need for accurate representa-
tion and interpretation of safety and quality requirements.
Careful  consideration,  experimentation,  and  research
would be required to effectively combine NSC with large
models  for  accurate  and  professional  reporting  of  safety
and quality inspection results.

 

6    Conclusions

NSC is an emerging field that combines the strengths of
DL and symbolic reasoning (symbolic logic and knowledge
representation)  to  enable  more  robust  and  interpretable
AI systems. NSC has the potential to address the limitations
of current CV applications in construction by combining
DL with symbolic reasoning to enable more robust, inter-
pretable,  and  accurate  AI  systems.  Further  research  and
development  in  this  field  could  lead  to  advancements  in
CV technologies  that  better  meet  the  specific  safety  and
quality requirements of the construction industry.
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