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Wearable  exoskeletons  enhance  mobility  and support  in  demanding tasks  but
face challenges in adapting to dynamic construction environments, particularly
in predicting locomotion modes for tasks such as ladder climbing, stair naviga-
tion, low-space movement, and obstacle navigation. This study investigates the
effectiveness  of  integrating  speech  and  vision  data  for  locomotion  prediction
while evaluating the generalization capability of large language models, specif-
ically GPT-4o, through zero-shot learning compared to supervised fine-tuning.
Using a multimodal framework with field-of-view frames and speech commands
captured  by  smart  glasses,  we  tested  contrastive  language-image  pre-training
(CLIP),  ImageBind,  and  GPT-4o.  Fine-tuned  CLIP  achieved  an  F1-score  of
90.05%  ,  yet  GPT-4o’s  zero-shot  of  87.87%  closely  rivaled  it,  demonstrating
strong  adaptability  to  construction’s  complex  demands  without  task-specific
training,  while  fine-tuned  ImageBind  trailed  at  78.84%.  This  comparison  un-
derscores GPT-4o’s substantial potential to enable scalable exoskeleton control
by leveraging multimodal comprehension of vision and speech data in dynamic
construction settings.

 

  
1    Introduction

The  construction  industry  faces  pressing  challenges
related to  labor  shortages,  high physical  demands,  and
stringent safety requirements, all of which are amplified
by the dynamic and often unpredictable nature of con-
struction sites. Exoskeletons, defined as wearable devices
that  augment,  enable,  assist,  and/or  enhance  physical
activity, have been identified as promising tools to address
these  challenges  [1].  These  devices  provide  substantial
physical  advantages  by  reducing  muscular  effort  and
minimizing the risk of injuries or musculoskeletal disor-
ders associated with tasks such as heavy material handling
and  repetitive  movements  [1, 2].  Despite  their  poten-

tial,  the  evaluation  of  exoskeletons,  especially  lower
limb devices,  for advanced motor skills  remains under-
represented in the literature, with most studies focusing
on daily gait tasks such as flat ground walking [3]. This
gap appears even more pronounced in construction, which
involves more advanced and diverse locomotion tasks.

In  recent  years,  exoskeletons  have  been  increasingly
explored for their ability to enhance human capabilities
across various sectors, including rehabilitation, military,
and industrial applications. These wearable mechanical
devices  assist  movement  and  often  incorporate  sensors
to provide real-time feedback and control.  Initially,  re-
search in exoskeleton development focused on optimizing
mechanical aspects, such as improving power efficiency,
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reducing weight, and refining actuation systems to pro-
vide effective support, particularly for users with physical
impairments  [4].  However,  as  these  systems  evolved,
there  has  been  a  growing  interest  in  integrating  more
sophisticated  control  mechanisms  that  rely  heavily  on
sensor input.  These sensors,  ranging from inertial  mea-
surement  units  (IMUs)  to  force  and  vision  sensors,  are
essential for allowing exoskeletons to adapt dynamically
to the user’s movement and the environment [5, 6].

One  of  the  most  significant  advancements  in  ex-
oskeleton technology has been the development of sensor
fusion techniques that integrate multimodal data to create
more robust and adaptive control strategies,  enhancing
user  interaction  and  responsiveness  [5].  Sensor  fusion
enables real-time decision-making, allowing exoskeletons
to accurately predict and respond to user intent, which
is  crucial  for  seamless  transitions  between different  lo-
comotion  modes,  such  as  walking,  climbing  stairs,  or
navigating  ramps  [5].  Concurrently,  research  has  pro-
gressed towards more interactive and intelligent systems
capable of adapting to users’ needs. Human–robot inter-
action (HRI) has become a focal point, emphasizing the
integration of human intent with robotic assistance. Re-
cent studies have shown that interactive control mecha-
nisms  can  significantly  improve  responsiveness  by  pre-
dicting user intentions in real time, dynamically adjusting
support based on user intent and environmental factors,
and offering adaptive assistance during various locomo-
tion activities [6, 7].

Despite significant advancements in exoskeleton con-
trol  and  locomotion  prediction,  several  challenges  per-
sist,  especially  in  complex  and  dynamic  environments
like construction settings. These environments introduce
unpredictability,  making  it  difficult  for  exoskeletons  to
adapt seamlessly to changing conditions and tasks. Con-
struction and industrial settings are marked by complex
tasks, such as ladder climbing, obstacle navigation, and
low-space  movement,  which  require  exoskeletons  to
handle a broader range of demanding movements beyond
daily  activities  like  walking.  To  address  these  chal-
lenges, multimodal sensor fusion is essential for improving
responsiveness  to  user  needs;  however,  the  integration
of human speech and vision inputs for locomotion pre-
diction has not been fully explored. Speech conveys user
intent as a natural form of communication, while vision
provides critical environmental context, and their com-
bination  offers  a  framework  for  more  intuitive  and  ac-
curate predictions of user locomotion.

The objective  of  this  research is  to  address  the  chal-
lenges posed by dynamic environments through a novel
multimodal framework that integrates both speech and
visual data. Specifically, this study aims to enhance the
accuracy  of  locomotion  mode  prediction  by  processing
human  speech  commands  and  field-of-view  (FOV)
frames  captured  by  smart  glasses,  exploring  the  multi-

modal  understanding  and  generalization  capability  of
large  language  models  (LLMs)  through  a  comparative
analysis  of  zero-shot  (ZS）learning  versus  supervised
fine-tuning.

To  achieve  these  objectives,  a  comprehensive
methodology  was  implemented,  utilizing  smart  glasses
equipped with a camera and microphone to collect mul-
timodal data during various locomotion tasks. The visual
data  from  FOV  frames  were  synchronized  with  corre-
sponding speech commands, providing a robust dataset
for  analysis.  Three  state-of-the-art  models,  contrastive
language-image  pre-training  (CLIP),  ImageBind,  and
GPT-4o,  were  employed  to  process  the  multimodal  in-
puts.  These  models  were  evaluated  in  both  zero-shot
and  fine-tuned  (FT)  settings,  with  data  generation  and
augmentation techniques used to address class imbalances
and  improve  model  robustness.  By  applying  this
methodology,  the  study  demonstrated  how  the  multi-
modal data fusion of speech and vision could synergisti-
cally enhance the prediction accuracy for complex loco-
motion  tasks  in  dynamic  environments  and  whether
LLMs like GPT-4o can effectively tackle such tasks without
task-specific training.

This research contributes to the development of more
intuitive and interactive wearable exoskeletons, capable
of  real-time  adaptation  in  the  unpredictable  and  de-
manding  environments  found  in  construction  settings,
thereby improving safety and overall user experience.

In safety-critical lower-limb exoskeleton control,  pre-
diction quality is not an abstract metric: errors and late
transitions translate into incorrect assistance profiles or
delayed  mode  switching,  which  can  be  destabilizing
during  stairs,  ladders,  and  other  transitions.  Prior  ex-
oskeleton  and  assistive-locomotion  studies  emphasize
that real-time locomotion mode recognition and timely
transition  detection  are  critical  for  safe  operation,  and
report that transition detection can incur substantial delay
when  mode  recognition  is  not  sufficiently  respon- sive
[8]. While this study does not directly measure injuries
avoided, we interpret our model performance as a prac-
tical proxy for reducing the rate of wrong-mode assistance
events. If a deployed controller makes N mode decisions
per shift and the probability of a wrong decision is perr,
the  expected  number  of  wrong-mode  events  is N·perr.  A
reduction  in perr therefore  scales  linearly  to  fewer  haz-
ardous mis-assistance events, especially relevant for lad-
der  and  stair  tasks,  which  are  among  the  most  safety-
critical movements in construction [9].

In  this  manuscript, “dynamic  construction  environ-
ments” refers to conditions that change rapidly and de-
grade single-modality observability. At the sensor level,
this includes: variable illumination (e.g., indoor/outdoor
transitions  and  low-light/nighttime  work),  motion-in-
duced  blur  from  head/torso  movement,  and  frequent
occlusions  from  structural  elements,  tools,  and  other
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workers.  Construction  computer-vision  reviews  and  re-
cent studies identify illumination variation and occlusion
as  recurring  limitations  that  degrade  recognition  accu-
racy,  motivating  robustness  strategies  and  multimodal
sensing [10]. At the task level, “dynamic” also includes
frequent  transitions  between  locomotion  modes  (e.g.,
level  ground → stairs → obstacles → ladder)  and  het-
erogeneous site geometries that cause the same locomo-
tion  label  to  appear  with  different  visual  affordances
and  backgrounds,  increasing  ambiguity  for  vision-only
prediction [11]. 

2    Related works

In the context of exoskeleton control, locomotion pre-
diction is  central  to achieving synchronized interaction
between the device and its user. These tasks ensure that
the  exoskeleton  can  anticipate  changes  in  movement
patterns  and  adapt  dynamically,  enhancing  usability,
comfort,  and  safety.  Locomotion  prediction  involves
identifying  different  modes,  such  as  walking,  stair
climbing, and ramp navigation, as well as detecting gait
phases  and  managing  transitions  between  movements
[4, 12, 13].

To  achieve  accurate  locomotion  prediction,  various
techniques have been applied,  ranging from traditional
methods  to  advanced  multimodal  systems.  Traditional
machine  learning  methods,  such as  support  vector  ma-
chines (SVMs) and decision trees, are frequently employed
for locomotion classification tasks. For example, Long et
al.  [14] used foot pressure sensors and an attitude and
heading reference system (AHRS) to classify locomotion
modes, including level-ground walking, stair ascent, de-
scent,  ramp  ascent,  descent,  and  transitions  between
these modes, using SVM optimized with particle swarm
optimization (PSO) and majority vote algorithms. Simi-
larly,  Parri  et  al.  [15] used onboard hip joint  encoders
and  plantar  pressure-sensitive  insoles  for  tasks  like  sit-
ting,  standing,  and walking,  applying a combination of
time-based decoding and event-based fuzzy logic for dy-
namic  mode  transitions.  Kim  et  al.  [16]  applied  IMUs
and  load  cells  to  recognize  modes  such  as  walking  on
flat  ground,  stair  ascent  and  descent,  and  ramp  ascent
and  descent,  using  a  two-layer  decision  tree  optimized
for recognizing foot  inclination at  midstance.  Liu et  al.
[17] developed an SVM-based hierarchical control system
for  predicting  real-time  assistive  torque  for  walking,
standing,  and  transitioning  tasks,  utilizing  IMUs  and
pressure insoles. Zhao et al. [18] combined electromyo-
graphy (EMG) and plantar stress distribution (PSD) sen-
sors with an SVM-based classification system for recog-
nizing walking, stair, and ramp ascent tasks, integrated
within an Internet of Health Things (IoHT) framework.
Al-Dabbagh  et  al.  [19]  used  depth  cameras  and  SVM
models to classify flat-ground walking, ramp ascent and

descent, and stair navigation, with a focus on predicting
locomotion modes and estimating terrain geometries.

In recent years, advanced neural network-based models
have  become  more  prominent  due  to  their  capacity  to
handle complex datasets and improve locomotion mode
prediction. Zhu et al.  [20] utilized IMUs for classifying
level-ground  walking,  stair  ascent  and  descent,  and
ramp  navigation,  relying  on  a  neural  network  model
that integrated historical information for pose and terrain
recognition. Laschowski et al. [21] applied deep convo-
lutional  neural  networks  (DCNNs)  using  EfficientNet,
InceptionV3, and MobileNet to classify locomotion envi-
ronments,  focusing  on  indoor  and  outdoor  walking
tasks,  stairs,  and  transitions,  relying  on  camera-based
data.  Guo  et  al.  [22]  developed  a  genetic  algorithm-
convolutional neural network (GA-CNN) model for loco-
motion  mode  recognition  and  gait  phase  estimation,
employing  speech  commands  to  manage  tasks  such  as
sitting,  standing,  walking,  speeding  up,  and  slowing
down  on  various  terrains.  Martínez-Pascual  et  al.  [23]
utilized one-dimensional convolutional neural networks
(1D-CNNs) for gait activity classification, specifically for
walking, ramp ascent, and stair climbing, using joint angle
trajectories, with Grad-CAM and t-SNE employed for in-
terpretability.

In  addition  to  standalone  models,  multimodal  ap-
proaches have gained traction, combining multiple sensor
types to enhance prediction accuracy. Li et al. [24] inte-
grated eye-tracker and depth camera data to predict lo-
comotion modes, including walking on flat ground, stair
ascent  and  descent,  and  ramp  navigation,  using  deep
learning  models  (MobileNetV1  and  PointNet)  with  dy-
namic time warping (DTW) for sensor fusion. Qian et al.
[11]  combined  RGBD  camera  data  with  IMUs,  using  a
depth sensor-based locomotion mode recognition (LMR)
method and an adaptive oscillator-based gait phase esti-
mation (GPE) technique for locomotion and transitions.
Sharma  et  al.  [25]  used  long  short  term  memory
(LSTM) networks to predict knee and ankle joint angles,
relying  on IMUs and egocentric  optical  flow data  from
smart glasses, focusing on walking tasks in environments
such as classrooms, atriums, and stairs. Tsepa et al. [26]
used  the  data  from  Ref.  [25],  applying  KIFNet,  which
fuses inertial sensors and smart glasses data. MobileOne-
S0  serves  as  the  image  encoder,  and  a  multilayer  per-
ceptron (MLP) encodes the kinematic data for continuous
knee and ankle joint kinematics prediction. Wang et al.
[27] adopted a GA-CNN model that used IMUs and six-
axis force sensors for real-time locomotion mode recog-
nition, optimized using Bayesian methods for transitions
between  tasks  such  as  walking,  standing,  sitting,  and
squatting. Lastly, Li et al. [28] developed a multimodal
deep belief network (DBN) that fuses accelerometer, gy-
roscope,  and  surface  electromyography  (sEMG)  data,
applying three fusion strategies (data, feature, and deci-
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sion  level)  to  predict  both  steady-state  locomotion and
transitions.

However,  despite  advancements  in this  field,  current
multimodal approaches often overlook intuitive modali-
ties  like  speech  and vision,  which  provide  valuable  in-
sights  into  user  intent  and  environmental  context.  In-
stead,  many methods rely primarily on sensors  such as
IMUs  or  pressure  insoles,  often  employing  supervised
learning  on  structured  and  repetitive  tasks,  which,
while  effective  for  specific  locomotion  modes,  may
struggle to address the diversity of tasks in dynamic en-
vironments  like  construction.  Tasks  such  as  ladder
climbing, obstacle navigation, and low-space movement
require  a  richer  understanding  of  both  user  intent  and
the surrounding environment. Incorporating speech and
vision  data  offers  a  more  holistic  approach,  enabling
more  accurate  and  adaptable  locomotion  mode  predic-
tions in these complex settings, while examining the po-
tential  of  large  language  models  to  address  such  tasks
could shed light on their ability to generalize and scale
in such settings.

Multimodal locomotion recognition literature in reha-
bilitation  and  prosthetics  commonly  assumes  compara-
tively  struc  tured  environments  (e.g.,  standardized
stairs/ramps, fewer occluders, and more consistent sens-
ing)  and  often  emphasizes  IMU/EMG  fusion  to  detect
transitions.  In  contrast,  construction  environments  in-
troduce heavier occlusion, greater illumination variabil-
ity, and heterogeneous affordances that can make visually
similar  scenes  correspond  to  different  locomotion  risks
(e.g.,  stair-like  patterns  vs.  ladder  rungs).  Construction
computer-vision reviews highlight occlusion and illumi-
nation  variation  as  frequently  reported  limitations;  these
factors are more prevalent on jobsites than in many lab-
based mobility benchmarks [9]. Therefore, models vali-
dated in rehabilitation-like settings may degrade in con-
struction  unless  they  explicitly  address  these  domain-
specific  distribution  shifts  and  include  uncertainty-
aware safeguards for ambiguous observations [10].  We
selected CLIP, ImageBind, and GPT-4o to span three dis-
tinct capability points relevant to deployable construction
exoskeleton  intent  recognition:  (i)  contrastive  vision-

language embedding that supports lightweight fine-tun-
ing  and  edge  deployment  (CLIP),  (ii)  multimodal  em-
bedding alignment beyond vision-text (ImageBind), and
(iii) general-purpose multimodal reasoning in a powerful
zero-shot model (GPT-4o). CLIP is widely used for trans-
ferable  vision-language representations trained via  nat-
ural-language  supervision,  enabling  strong  zero-shot
baselines  and  efficient  adaptation  [29].  GPT-4o  was
chosen for benchmarking because it is a flagship multi-
modal model with strong few/zero-shot capability docu-
mented in its system card [30], and it is practically ac-
cessible via application programming interface (API) for
rapid iteration and reproducible prompting. We explicitly
considered alternatives such as LLaVA [31] and Flamingo
[32]: LLaVA is a major open research baseline for image-
language  instruction  tuning,  but  its  standard  form  is
image–text only (not native audio) and typically requires
substantial  local  compute  for  stable  deployment;
Flamingo  is  a  seminal  few-shot  vision-language  model
architecture but is not generally distributed as a turnkey
on-device  baseline  in  the  same  way  prac-titioners  can
access GPT-4o via API. 

3    Proposed research methodology

Figure 1 illustrates the multimodal locomotion mode
prediction  framework  developed  for  this  study.  The
framework is designed to operate within a simulated en-
vironment,  where  participants,  equipped  with  smart
glasses,  perform  various  construction-related  tasks.  These
smart glasses capture both the participant’s FOV frames
and voice commands during locomotion activities.

These verbal commands issued by the users trigger the
sampling  of  corresponding  FOV  frames,  ensuring  that
the system captures both the linguistic and visual aspects
of  the  task.  The  spoken  commands  are  then  processed
through  a  speech-to-text  (STT)  system,  which  converts
them into textual data. The processed text data is com-
bined with the visual information from the FOV frames
and fed into a multimodal prediction model. The model
leverages both the linguistic input and the visual data to
predict  the  participant’s  intended  locomotion  mode,

 

STT

Vision: 
FOV frames
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Fig. 1   Locomotion mode prediction framework.
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such as ladder climbing, obstacle navigation, or stair as-
cension.
 

3.1    Data collection

The data was collected in a controlled setting designed
to mimic real-world construction activities, such as ver-
tical  and  construction  ladder  climbing,  level-ground
walking, stair ascension and descension, low-space navi-
gation, obstacle navigation, sitting, and standing (Fig. 2).
These tasks represent common movements encountered
in  construction  workflows.  The  environment  had  noise
levels akin to typical construction sites, including a me-
chanical  mezzanine  area  with  ambient  noise  levels  re-
flective of machinery and site operations.

The selection of locomotion activities in this study is
grounded  in  construction  safety  standards  and  occupa-
tional  injury  data.  Falls  remain  the  leading  cause  of
death in the construction industry, and the Fall Prevention
Campaign  of  Occupational  Safety  and  Health  Adminis-
tration  (OSHA)  identifies  ladders  and  stairs  as  major
contributors  to  fatal  falls  [8].  The  OSHA  standard  for
ladders  in  construction  (29  CFR  1926.1053)  further
specifies safety requirements for ladder use on construc-
tion  sites  [33].  Accordingly,  our  locomotion  class  list
was designed to cover the most safety-critical movement
transitions  encountered  on  construction  sites:  vertical
and  construction  ladder  climbing  (up  and  down),  stair
ascension  and  descension,  level-ground  and  low-space

 

(a) Vertical ladder climbing (b) Construction ladder (c) Level-ground navigation

(d) Stair ascension (e) Stair descension (f) Low space navigation

(g) Obstacle navigation (h) Sitting (& standing)
 

Fig. 2   Environment setting.
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navigation,  obstacle  navigation  (stepping  over  boxes
and  pipes),  and  stationary  postures  (sitting  and  stand-
ing).  These  classes  represent  the  primary  locomotion
modes that an exoskeleton controller must reliably dis-
tinguish  to  provide  appropriate  assistance  and  prevent
hazardous  mis-assistance  events  during  mode  transitions.

The primary data source was the Tobii Pro Glasses 2,
which recorded FOV frames and voice commands during
locomotion tasks. These combined data streams formed
the core dataset for locomotion mode prediction.

Table  1 details  the  sensing  hardware  and  sampling
parameters used in this study to ensure reproducibility.
The Tobii  Pro Glasses  2 scene camera captures  full-HD
video  (1920  pixels  (px)  ×  1080  px)  at  25  frames  per
second (fps),  providing sufficient spatial resolution and
temporal sampling to observe locomotion-relevant envi-
ronmental features [34]. Audio was recorded via the in-
tegrated microphone of the Tobii Pro Glasses 2; the audio
sample rate was extracted from the recorded media con-
tainer metadata and resampled to 16,000 Hz during pre-
processing for compatibility with the Whisper speech-to-
text model. 

3.1.1    Voice commands
Participants provided short voice commands (e.g., “I’m

climbing the ladder” or “I’m walking”) before initiating
tasks, which were considered to reflect their intent and
trigger vision sampling. 

3.1.2    FOV frames
A  5-s  window  of  FOV  frames  was  sampled  for  each

command,  starting  2  s  before  and  extending  3  s  after
the  command  onset  to  capture  the  anticipatory  phase
and the initial  engagement with the task. This window
size  was  determined  empirically  based  on  the  average
duration of intention formation and action initiation ob-
served during pilot trials: The 2-s pre-command interval
captures preparatory visual cues (e.g., the user orienting
toward the target terrain), while the 3-s post-command
interval spans the initial engagement with the locomotion
task. This asymmetric design ensures that the model re-
ceives  both  anticipatory  context  and  early  execution

cues, while keeping the computational burden manage-
able for real-time applications.  Shorter windows would
risk  missing  the  transition  context,  while  substantially
longer  windows  would  introduce  unrelated  visual
frames  and  increase  inference  latency.  Variability  in
participant height, pace, and head movement sometimes
introduced  diversity  in  vision  data,  providing  realistic
variations.

The  collected  data  were  annotated  using  ELAN  [35]
for  precise  time-aligned  video  and  audio  annotations.
Both  start  and  end  time  for  each  locomotion  activity
and speech command were marked. Table 2 summarizes
the studied locomotion activities. Figure 3 shows exam-
ples  of  FOV  frames  captured  during  activities,  illus-
trating participants’ perspectives  through the Tobii  Pro
Glasses 2. 

3.2    Data generation and augmentation
 

3.2.1    Speech command generation
To  enrich  the  dataset  and  address  the  variability  in

natural  language communication,  command generation
was performed using GPT-4 [36], a state-of-the-art large
language model, to create 100 commands per locomotion
activity  through  few-shot  learning  [37].  From  these,
20–35  commands  per  class  were  selected  for  diversity
and  relevance,  including  examples  of  ambiguous  com-
munication.

Speech  synthesis  was  conducted  using  the  XTTS  v2
[38]  model  to  convert  selected  text  commands  into
speech, generating multiple versions with varied voices
to  simulate  different  users.  Environmental  noise,  ex-
tracted  from  silent  portions  of  the  original  recordings,
was  added  to  the  synthesized  speech  to  simulate  real-
world conditions. A final selection of 15–20 audio samples
per command class was made. 

 

Table 1   Sensor reproducibility parameters

Parameter Value

Scene camera resolution 1920 px × 1080 px (full HD)

Scene camera frame rate 25 fps

FOV window duration 5 s (2 s pre-command and
3 s post-command)

Frames per window 9 (3 × 3 grid)

Audio recording Integrated microphone

Audio preprocessing rate 16,000 Hz

STT model Whisper medium (769M params)

 

Table 2   Studied locomotion activities

# Locomotion activity

1 Construction ladder down climbing

2 Construction ladder up climbing

3 Vertical ladder down climbing

4 Vertical ladder up climbing

5 Level-ground navigation

6 Low space navigation

7 Sitting

8 Standing

9 Stair ascension

10 Stair descension

11 Stepping over box

12 Stepping over pipe
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3.2.2    Data augmentation
To address class imbalances, the RandomOverSampler

technique  from  the  Imbalanced-learn  library  [39]  was
used. Classes with fewer than 20 samples were oversam-
pled after selecting the test set, as shown in Fig. 4. FOV
frame augmentation involved applying color jitter to in-
troduce  variations  in  brightness,  contrast,  saturation,
and hue. Generated speech commands were used along-
side augmented FOV frames to ensure a balanced repre-
sentation of both audio and visual data. Figure 4 shows
the  distribution  of  the  training  and  test  sets.  We  ac-
knowledge  that  oversampling  classes  with  fewer  than
20 samples carries a risk of overfitting, particularly for
the fine-tuned CLIP and ImageBind models, because the
model  may  memorize  duplicated  or  near-duplicate
training  examples  rather  than  learning  generalizable
features.  To  mitigate  this  risk,  the  oversampling  was
performed  strictly  on  the  training  set  after  a  stratified
train-test split, ensuring that the held-out test set contains
only original (non-duplicated) samples with a distribution
representative of the true class proportions (Fig. 4). Ad-
ditionally,  the  data  augmentation pipeline  (color  jitter,
generated  speech  commands)  introduced  controlled

variation  into  the  oversampled  examples,  reducing  the
likelihood  of  exact  memorization.  We  recommend  that
future work report per-class performance with confidence
intervals and consider cross-validation strategies to fur-
ther  assess  the  robustness  of  models  trained  on  over-
sampled data. 

3.3    Data preprocessing

Raw  data  modalities  (text,  image,  and  audio)  were
prepared for subsequent analysis to ensure compatibility
with the models.  For visual data,  a 3 × 3 grid of FOV
frames was generated, spanning a 5-s window, 2 s before
and  3  s  after  the  voice  command,  as  shown  in Fig.  3.
These  grid  images  were  standardized  to  550  pixels  ×
550 pixels. Temporal sequence analysis was also perfor-
med,  processing  individual  frames  sequentially.  Voice
commands  were  transcribed  into  text  using  OpenAI’s
Whisper  model  (medium  size)  [40].  When  audio  data
were  used  directly,  they  were  resampled  to  16,000  Hz
for consistency. 

3.3.1    Acoustic environment characterization
Construction acoustics are a first-order confounder for

 

(a) Low space navigation (b) Sitting (c)  Stepping over box (d) Vertical ladder down climbing
 

Fig. 3   Examples of FOV frames for locomotion activities captured during the experiment.
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Fig. 4   Class distribution of locomotion modes in training and test sets.
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speech-driven intent recognition because common jobsite
noise  frequently  meets  or  exceeds  hazardous  exposure
thresholds.  According to NIOSH guidance, repeated ex-
posures  at  or  above  85  dBA are  considered  hazardous,
and  OSHA  construction  hearing  conservation  require-
ments  apply  when  exposures  exceed  90  dBA  time-
weighted average (TWA) [41]. We therefore characterize
the  recording  environment  using  both  sound  level  and
frequency  content,  following  occupational-noise  mea-
surement  guidance  [42].  Ambient  noise  levels  in  the
mezzanine  laboratory  were  measured  using  an  Extech
407730 digital  sound level  meter  (measurement  range:
40–130  dB;  accuracy:  ±2  dB;  resolution:  0.1  dB;  fre-
quency  response:  300  Hz–8  kHz;  and  0.5-inch  electret
condenser  microphone  with  foam  wind-screen).  The
meter was set to A-weighting and FAST response mode
to  approximate  human  hearing  sensitivity  and  capture
short-duration  transient  events.  The  representative  am-
bient sound pressure level recorded during data collection
was LAeq = 73.6 dBA, which falls within the moderate in-
dustrial  noise  range,  typical  of  indoor  construction
training  facilities  where  dominant  sources  include
HVAC systems, footfall on steel grating, and intermittent
tool handling. At 73.6 dBA, spoken voice commands is-
sued  at  normal-to-raised  vocal  effort  (approximately
65–80  dBA  at  the  source)  yield  a  signal-to-noise  ratio
(SNR) near 0–6 dB at the body-worn microphone. This
represents a moderately challenging but realistic operat-
ing  condition  for  the  Whisper  medium  speech-to-text
model. This acoustic characterization contextualizes the
STT  accuracy  reported  in  Section  5  and  informs  the
noise-robustness  requirements  discussed  in  the  deploy-
ment  considerations  in  Section  6.  This  noise  profile  is
representative of construction sites where speech-based
exoskeleton  control  must  operate,  and  it  informed  the
design  of  our  speech  preprocessing  pipeline,  including
the addition of extracted environmental noise to synthe-
sized speech commands during data augmentation. 

3.3.2    Speech-to-text latency and real-time feasibility
For real-time exoskeleton control,  end-to-end latency

must be explicitly budgeted. We decompose total decision
latency as 

ttotal = tSTT + tvision + tmodel + tcomm (1)
where tSTT is  the  speech-to-text  conversion  time, tvision is
the frame extraction and preprocessing time, tmodel is the
inference  time of  the  prediction  model,  and tcomm is  the
communication  overhead.  The  Whisper  medium model
(769M  parameters)  represents  a  common  accuracy–
speed  compromise,  requiring  approximately  5  GB
VRAM  with  documented  relative  speed  characteristics
varying by hardware configuration [40, 43]. To validate
the  feasibility  of  real-time  command  processing,  we

benchmarked the speech-to-text pipeline on a workstation
equipped  with  an  NVIDIA  GeForce  RTX  4070  SUPER
(12 GiB VRAM) and an Intel Core i9-class CPU (8 cores,
5.05 GHz).  For  the  Whisper  Medium model  (769M pa-
rameters), the average inference latency for transcribing
a 5-s audio buffer was estimated at approximately 200 ±
50  ms  using  FP16  precision.  This  low-latency  profile
(real-time factor ≈ 0.04) confirms that the STT compo-
nent consumes less than 15% of the available processing
budget  in  our  0.5  Hz  high-level  control  loop,  ensuring
that  voice  command  parsing  does  not  introduce  pro-
hibitive  delays  into  the  exoskeleton’s  decision-making
process. 

3.4    Multimodal prediction modeling

This section outlines the models used for locomotion
mode classification, leveraging FOV frames, voice com-
mands, and audio data. We employed three state-of-the-
art models: CLIP [29], ImageBind [44], and GPT-4o [36]. 

3.4.1    CLIP zero-shot
CLIP, developed by OpenAI, is designed to learn joint

visual and textual representations from natural language
supervision on a vast dataset of 400 million (image and
text) pairs [29]. Leveraging the semantic alignment be-
tween  images  and  language,  CLIP  enables  zero-shot
classification by generalizing to new tasks without addi-
tional training data. In this study, we used a pre-trained
CLIP model as a baseline to compare against other models
and settings. To implement zero-shot classification, cosine
similarity was calculated separately between the image
and  text  embeddings  against  label  embeddings.  In  the
multimodal  approach,  when  both  image  and  text  em-
beddings were used, similarity scores from each modality
were averaged to yield a combined prediction. 

3.4.2    CLIP fine-tuned
CLIP  was  also  fine-tuned  by  adding  a  task-specific

classification  head.  Image  and  text  embeddings  were
mapped to locomotion labels through a fully connected
(FC)  layer.  Both  3  ×  3  grid  images  and  sequences  of
frames were processed to capture temporal dependencies
across  frames.  For  sequences  of  frames,  a  temporal  ag-
gregation  mechanism  utilizing  positional  embeddings
and  multi-head  self-attention,  similar  to  the  Video  Q-
Former  approach  [45],  was  employed.  Image  and  text
embeddings  were  also  concatenated  for  multimodal
classification (Eq. (2)). 

fconcat = concat(fimage, ftext), ŷ = softmax(W ⋅ fconcat + b) (2)
where W and b are the weight matrix and bias term of
the FC layer, respectively, fimage is the image embedding,
and ftext is the text embedding.

The training was driven by cross-entropy loss and op-
timized with Adam using learning rate scheduling. 
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3.4.3    ImageBind fine-tuned
ImageBind, developed by Meta AI, expands multimodal

learning capabilities by integrating visual,  auditory, in-
ertial, and depth sensor data, creating a single joint em-
bedding space for multiple modalities [44]. This model
is particularly suited for tasks involving multiple sensor
inputs,  like  locomotion  prediction,  where  visual  data
alone may not capture the full context. We fine-tuned it
with  image–text  and  image–audio  modalities  by  con-
catenating respective embeddings (Eq. (3)). 

ffusion = concat(fimage, ftext) or ffusion = concat(fimage, faudio)
(3)

where fimage, ftext,  and faudio are the respective embeddings
for image, text, and audio modalities, respectively. The
fused representation ffusion was then passed to the classifi-
cation  head  to  predict  the  locomotion  activity  label.
Fine-tuning was conducted using the same optimization
strategy as  for  CLIP,  with cross-entropy loss  and Adam
optimizer guiding the training process. 

3.4.4    GPT-4o zero-shot
GPT-4o,  based  on  the  GPT-4  architecture  developed

by  OpenAI  [36],  demonstrates  strong  performance  in
tasks requiring contextual reasoning, language compre-
hension, and multimodal understanding. For locomotion
prediction,  GPT-4o  used  FOV  frames  and  user  com-
mands,  employing  chain-of-thought  (CoT)  prompting
[46, 47]  to  generate  step-by-step  reasoning,  which  is
crucial for interpreting temporal changes in 3 × 3 grid
images  and  the  user  intent  in  voice  commands.  We
specifically asked the model to provide a reasoning path
for  its  final  prediction in the system prompt,  as  shown
in Fig. 5. The figure also indicates the prompts used for
different  settings:  image-only,  text-only,  and  image–text. 

4    Training setup and model evaluation

This section outlines the model configurations, training
setup,  hyperparameters,  and  experiments  conducted  to
evaluate image, text, and audio modalities for locomotion
prediction using CLIP, ImageBind, and GPT-4o. Various
evaluation  approaches  were  used  to  compare  model
performance across these models and modalities. 

4.1    Model configurations and training setup

For  CLIP-based  modeling,  we  utilized  the  clip-vit-
large- patch14-336  model,  which  incorporates  a  vision
transformer  as  the  image  encoder,  producing  1024-di-
mensional  embeddings,  and  a  transformer-based  text
encoder  generating  768-dimensional  embeddings.  For
temporal  processing,  a  sequence of  9 frames was used,
with temporal positional embeddings added to maintain
sequential order. An 8-headed multi-head self-attention
mechanism was applied to aggregate temporal  features
for  classification.  CLIP  was  initially  evaluated  in  zero-

shot  mode  for  image-only,  text-only,  and  image–text
configurations.  Following  zero-shot  evaluation,  CLIP
was fine-tuned with a batch size of 5, a learning rate of
5 × 10−5, and over 15 epochs. The fine-tuning process
explored  both  individual  and  combined  modalities,  as
well as a temporal setup for sequential frame processing
(image–text (temporal)).

For  ImageBind,  the  imagebind_huge  model  was  used
to  integrate  visual,  auditory,  and  textual  data.  Each
modality  generated  1024-dimensional  embeddings,
which were concate-nated to form a combined represen-
tation. The model was fine-tuned with a batch size of 5,
a learning rate of 1 × 10−5, and over 20 epochs, focusing
on the image–text and image–audio modalities.

GPT-4o  was  evaluated  for  zero-shot  learning  using
the gpt- 4o-2024-05-13 model in image-only, text-only,
and  image–text  configurations.  The  OpenAI  Chat  Com-
pletion API was configured with a temperature of 0.7, a
top-p of 0.9, a fre- quency penalty of 0.0, and a maximum
token limit of 200 to facilitate the generation of reasoning
paths for locomotion mode prediction. The temperature
of 0.7 and top-p of 0.9 were selected to balance reasoning
diversity with output precision in a safety-critical classi-
fication  task.  Because  the  model’s  output  space  is  con-
strained to a closed set of 12 locomotion labels (enforced
via  the  system  prompt),  the  risk  of  hallucination,  i.e.,
generating  labels  outside  the  valid  set,  is  substantially
mitigated.  A  reasoning-optimized  temperature  supports

 

System prompt

User prompts by mode
Image-only

Text-only

Image–text

You are an AI specialized in identifying locomotion activities. The valid 
locomotion activities are: [list of valid activities]. Please provide a step-by-
step reasoning process for your classification, followed by the final prediction 
in the format: Reasoning: <your reasoning path>. Prediction: <your final 
prediction>.

You are provided with an image containing FOV frames from smart 
glasses worn by a user performing a locomotion activity in an industrial
environment. The 9 frames in the image are sampled in chronological 
order over a 5-s period, with 2 s before and 3 s after the command was 
given. Think step by step: analyze the frames one by one to understand 
how the user’s perspective changes over time, and infer the locomotion 
activity based on the sequence.

The user is performing a locomotion activity in an industrial environment 
and has issued the following command: “[user command]”. Think step by 
step: break down the meaning of the command, understand the user’s 
intention, and determine the locomotion activity the user is performing.

You are provided with an image containing FOV frames from smart 
glasses worn by a user performing a locomotion activity in an industrial 
environment, along with a spoken command issued by the user. The 9 
frames in the image are sampled in chronological order over a 5-s period, 
with 2 s before and 3 s after the command was given. The command is: 
“[user command]”. Think step by step: analyze the sequence of frames to 
understand how the user’s perspective changes over time and interpret the 
command to understand their intention. Combine information from both 
the frames and the command to predict the locomotion activity the user is 
performing.

 
Fig. 5   CoT prompting with GPT-4o.
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the chain-of-thought reasoning process  by allowing the
model  to  consider  multiple  plausible  interpretations  of
ambiguous  inputs  before  committing  to  a  prediction,
rather than deterministically selecting the highest-prob-
ability token at each step. We note that OpenAI’s Struc-
tured Outputs feature [48] can further enforce schema-
level  constraints  on generated labels,  which we recom-
mend  for  production  deployment  to  eliminate  residual
hallucination  risk.  Sensitivity  analysis  of  these  hyper-
parameters is recommended for future work to quantify
their impact on classification performance. 

4.2    Evaluation metrics

The performance of  each model  was evaluated using
the  F1-score,  the  weighted  average  F1-score,  and  the
confusion matrix.  The F1-score was computed for  each
locomotion  activity  to  measure  the  balance  between
precision  and  recall.  The  weighted  average  F1-score,
which considers the class imbalance, was used to evaluate
overall  model  performance.  Confusion  matrices  were
employed  to  visualize  and  analyze  classification  errors
by comparing predicted labels with true labels. 

5    Performance evaluation
 

5.1    General performance overview

This section provides a high-level view of the overall
effectiveness of the models based on the weighted average
F1-scores,  as  illustrated  in Fig.  6.  The  performance

across  models  varies  significantly,  highlighting  the  dif-
ferences  between  zero-shot  and  fine-tuned  approaches,
as well as the impact of multimodal data inputs (image,
text, and audio). 

5.1.1    CLIP zero-shot models
The performance of the CLIP zero-shot models corre-

sponds with our expectations,  particularly  for  the CLIP
zero-shot  image-only  model,  which  yielded  a  lower
weighted  average  F1-score  of  0.51%.  This  can  be  at-
tributed to the inherent misalignment between the vision
data (FOV frames) and the locomotion mode labels. The
FOV  frames  represent  what  participants  see  during  an
activity rather than the activity itself.  This discrepancy
makes it challenging for the model to map these frames
directly to specific locomotion modes, which are inher-
ently  action-based.  Furthermore,  the  grid  structure  of
images  encapsulates  spatiotemporal  information,  intro-
ducing more complexity for the model to process.

On  the  other  hand,  the  CLIP  zero-shot  text-only  and
CLIP zero-shot image–text models demonstrate improved
performance,  with  weighted  average  F1-scores  of
31.58% and 32.28%, respectively. This can be attributed
to the fact that user commands provide a more explicit
description of the activity being performed. This semantic
alignment  between  the  user’s  commands  and  the  loco-
motion mode labels leads to higher similarity and better
performance. 

5.1.2    CLIP fine-tuned models
The fine-tuned CLIP models demonstrated significant
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Fig. 6   Comparison of weighted average F1-score.
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improvements  in  performance  across  all  input  modali-
ties,  indicating  the  benefits  of  task-specific  adaptation.
For the CLIP fine-tuned image-only model, the weighted
average  F1-score  increased  substantially  to  81.73%,
compared to the 0.51% observed in its  zero-shot coun-
terpart.  This result  underscores the model’s  capacity to
learn  visual  features  specific  to  locomotion  activities
when fine-tuned on this particular task. Despite the in-
herent challenges of using FOV frames, where the visual
data  is  indirectly  related  to  the  locomotion  mode,  the
model effectively learned to extract more discriminative
task-relevant features through fine-tuning.

The  CLIP  fine-tuned  image–text  model  further  im-
proved performance,  achieving a weighted average F1-
score of 90.05%. The addition of text, where user com-
mands provided contextual  descriptions of  the activity,
greatly enhanced the model’s ability to predict locomotion
modes. Fine-tuning allowed the model to integrate visual
and textual inputs more effectively, leveraging the com-
plementary information from both modalities. However,
the  CLIP  fine-tuned  image–text  (temporal)  model,
which utilized sequential frames instead of grid images,
showed a marginally lower F1-score of 88.35%. This result
suggests  that,  for  this  task,  the  temporal  information
provided  by  sequential  frames  may not  sufficiently  en-
hance  performance  compared  to  the  static  grid  repre-
sentation. It also indicates potential room for model im-
provement in handling sequential frames. 

5.1.3    ImageBind fine-tuned models
The  fine-tuned  ImageBind  models  also  demonstrated

strong  performance,  particularly  when  utilizing  both
image  and  text  inputs.  The  ImageBind  fine-tuned  im-
age–text model achieved a weighted average F1-score of
78.84%,  a  solid  result  that,  while  lower  than  the  CLIP
fine-tuned  image–text  model’s  performance  (90.05%),
still  underscores  the  efficacy  of  combining  visual  and
textual inputs.

Additionally,  the  ImageBind  fine-tuned  image–audio
model achieved a weighted average F1-score of 63.79%,
highlighting  the  limited  distinctiveness  of  the  audio
modality for this specific task. Many of the locomotion
activities occurred within a similar environment, which
reduces the distinct auditory patterns necessary for fine-
tuning  to  significantly  enhance  performance.  Addition-
ally, the audio data comprises both user speech and en-
vironmental noise, complicating the model’s task for un-
derstanding  informative  signals.  As  a  result,  the  fine-
tuning process yields comparatively lower improvements
when the audio modality is utilized, particularly in con-
trast to the textual data derived from speech transcriptions
generated  by  the  Whisper  medium  model.  The  lower
performance of the image–audio modality (63.79%) can
be further attributed to a domain gap between the syn-
thesized and real-world speech conditions. The XTTS v2

text-to-speech  model  [8]  produces  relatively “clean”
speech signals that lack the prosodic variability, hesita-
tions, and environmental masking characteristic of nat-
ural speech on construction sites. Although environmental
noise  extracted  from  silent  recording  segments  was
added  during  augmentation,  this  static  noise  profile
may  not  fully  replicate  the  dynamic,  non-stationary
acoustic conditions of an active jobsite, where noise levels
commonly  reach  or  exceed  85–90  dBA  [41].  Further-
more,  certain  locomotion  tasks  such  as  sitting  and
standing are inherently non-discriminative in the audio
domain: They produce minimal distinctive sound signa-
tures  compared  to  tasks  like  stair  climbing  or  ladder
contact,  making  audio  cues  uninformative  for  these
classes. Future work should investigate augmenting syn-
thesized speech with measured noise profiles at varying
SNRs and exploring noise-robust audio encoders to im-
prove the audio modality’s contribution. 

5.1.4    GPT zero-shot models
The  performance  of  the  GPT-4o  zero-shot  models  is

partic-ularly impressive, given the model’s lack of task-
specific  fine-tuning.  The  GPT-4o  zero-shot  image–text
model achieved a weighted average F1-score of 87.87%,
a  result  remarkably  close  to  the  CLIP  fine-tuned
image–text  model  (90.05%)  and  surpassing  the  perfor-
mance  of  the  ImageBind  fine-tuned  image–text  model
(78.84%).

The  strength  of  the  GPT-4o  zero-shot  image–text
model can be attributed to its ability to integrate multiple
data modalities effectively, using a combination of FOV
frames  and  user-issued  commands  to  infer  locomotion
activities. By leveraging CoT prompting, the model fol-
lows  a  step-by-step  reasoning  process,  analyzing  both
visual and textual cues simultaneously. This guided rea-
soning enhances the model’s capacity to understand user
intentions and changes in the user’s perspective, making
it effective even in a zero-shot context.

In  contrast,  the  GPT-4o  zero-shot  text-only  model
achieved a solid F1-score of 74.34%, slightly below the
performance  of  its  image–text  counterpart,  but  still
competitive.  The  GPT-4o  zero-shot  image-only  model,
however,  recorded a lower score of  59.17%, indicating
the  inherent  difficulty  of  relying  solely  on  FOV  data
without the command in a zero-shot setting. 

5.2    Class-wise performance analysis

In  this  section,  we  provide  a  comprehensive  class-
wise analysis of model performance across various loco-
motion  modes,  based  on  the  F1  scores  presented  in
Table 3 and the confusion matrices shown in Fig. 7. 

5.2.1    Ladder up/down climbing (construction and vertical)
CLIP  zero-shot  models  underperformed  in  ladder-re-

lated  tasks.  The  CLIP  zero-shot  image–text  model
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recorded  F1-scores  of  0.00%  for  construction  ladder
down  climbing  and  16.67%  for  vertical  ladder  down
climbing,  with  slight  improvements  for  construction
ladder  up  climbing  (18.18%)  and  vertical  ladder  up
climbing  (47.37%).  The  confusion  matrix  (Fig.  7a)
showed  frequent  misclassifications,  often  defaulting  to
vertical ladder up climbing. The CLIP zero- shot text-only
model  faced  similar  challenges,  struggling  to  identify
specific  ladder  types  and  directions,  likely  due  to  the
lack  of  semantically  distinct  context  in  the  commands.
The  vision  modality  did  not  contribute  at  all,  making
language  input  the  primary  factor  influencing  predic-
tions.

Fine-tuning greatly  enhanced performance.  The CLIP
fine-tuned image–text model achieved perfect classifica-
tion  for  down  climbing  (100.00%)  and  near-perfect
scores  for  up  climbing  (95.24%  for  construction  and
90.00%  for  vertical).  The  confusion  matrix  also  shows
minimal misclassifications (Fig. 7b).

The ImageBind fine-tuned image–text model performed
adequately,  achieving  50.00%  for  down  climbing  and

84.21%  for  up  climbing  in  construction  ladders,  and
78.26% for down climbing and 80.00% for up climbing
in vertical ladders. The confusion matrix (Fig. 7c) shows
that  many  of  the  misclassifications  occurred  between
the two types of ladders, but the model was consistently
able to classify the direction (up or down) correctly.

The  GPT-4o  zero-shot  image–text  model  achieved
strong  results  for  ladder-related  activities,  though  its
performance was slightly lower compared to its perfor-
mance in other classes. It recorded F1-scores of 76.92%
for  construction ladder  down climbing and 83.33% for
up climbing, 85.71% for vertical ladder down climbing,
and 62.50% for up climbing. Errors mainly pertained to
ladder type identification, though the direction was cor-
rectly  predicted  (Fig.  7d).  When  specific  ladder  details
were unclear, the model defaulted to general reasoning
paths, as seen in example #1, Table 4. Reasoning paths
were  generated  most  frequently  in  the  image–text  set-
ting,  underscoring  the  value  of  combining  visual  and
command  data  for  improved  predictions,  as  shown  in
examples #2 and #3 in Table 4. 

 

Table 3   Class-wise F1-scores across models (in %)

Class

CLIP ZS
image-only

CLIP ZS
text-only

CLIP ZS
image–text

CLIP FT
image-only

CLIP FT
text-only

CLIP FT
image–text

CLIP FT
image–text (temporal)

ImageBind FT image–text

ImageBind FT image-
audio

GPT-4o ZS
image-only

GPT-4o ZS
text-only

GPT-4o ZS
image–text

Construction ladder
down climbing

0.00 0.00 0.00 46.15 54.55 100.00 100.00 50.00 40.00 85.71 55.56 76.92

Construction
climbing

ladder up 0.00 50.00 18.18 90.91 90.91 95.24 100.00 84.21 47.06 76.92 80.00 83.33

Vertical ladder
down climbing

0.00 0.00 16.67 81.82 75.00 100.00 95.24 78.26 57.14 66.67 58.82 85.71

Vertical ladder
up climbing

0.00 50.00 47.37 100.00 80.00 90.00 94.74 80.00 50.00 52.63 66.67 62.50

Level-ground
navigation

0.00 0.00 18.18 84.21 70.59 66.67 75.00 88.89 64.00 47.06 100.00 100.00

Low space
navigation

0.00 0.00 11.76 94.74 84.21 88.89 84.21 88.89 81.82 66.67 75.00 85.71

Sitting 0.00 75.00 90.00 78.26 90.00 94.74 88.89 90.00 70.59 0.00 57.14 88.89

Standing 8.08 53.85 60.00 44.44 92.31 85.71 93.33 92.31 76.92 0.00 85.71 92.31

Stair ascension 0.00 0.00 0.00 95.24 86.96 86.96 86.96 95.24 62.50 90.91 95.24 95.24

Stair
descension

0.00 54.05 42.55 86.96 94.74 94.74 94.74 100.00 94.74 62.07 95.24 90.91

Stepping over box 0.00 53.85 30.77 76.92 26.67 82.35 70.59 28.57 33.33 92.31 36.36 92.31

Stepping
over pipe

0.00 46.15 50.00 77.78 31.58 94.74 76.19 50.00 75.00 69.23 72.73 100.00
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5.2.2    Navigation and low space tasks
The  CLIP  zero-shot  image–text  model  performed

poorly in level-ground navigation (F1-score of 18.18%),
with frequent misclassifications involving activities like
standing  and  stair  descension  (Fig.  7a).  For  low  space
navigation,  the  model  also  struggled,  achieving  an  F1-
score of 11.76%, likely due to weak contextual alignment
between  user  commands  and  locomotion  labels.  Com-
mands  like “I’m  bending” lacked  the  clarity  needed  to
map accurately to low space navigation. Both image-only
and text-only models recorded F1-scores of 0.00%, indi-
cating insufficient discriminative power in these modal-
ities  individually.  A marginal  improvement is  observed
in the image–text model.

The  CLIP  Fine-tuned  image–text  model  achieved
66.67% for level-ground navigation and 88.89% for low
space  navigation.  For  level-ground  navigation,  which
had  the  lowest  F1-score  among  the  fine-tuned  classes,
misclassifications  were  frequent  with  activities  like
standing,  stair  ascension,  and  construction  ladder  up
climbing (Fig. 7b).

The  ImageBind  fine-tuned  image–text  model  showed
notable  improvements  after  fine-tuning,  achieving
88.89% for both level-ground navigation and low space
navigation.  The  model  outperformed  the  CLIP  fine-
tuned image–text model in both tasks.

GPT-4o models showed strong results,  with 100.00%
for level-ground navigation in both image–text and text-
only  settings,  and  85.71%  for  low  space  navigation  in
the  image–text  setting.  However,  one  significant  mis-
classification  arose  in  low space  navigation,  where  the
model incorrectly predicted stair descension due to am-
biguous command input and subtle visual cues, as illus-
trated  in  example  #4  in Table  4.  Although  the  model
accurately  detected  the  downward  movement  in  the
frames,  it  failed  to  recognize  the  context  of  low-space
navigation. This highlights the difficulty in interpreting
vague commands like “I  should be careful here again”,
which can mislead the model’s reasoning. 

5.2.3    Sitting and standing
The CLIP zero-shot text-only model performed reaso-

nably well in sitting and standing tasks, with F1-scores
of 75.00% and 53.85%, respectively. The CLIP zero-shot
image–text model achieved higher scores of 90.00% for
sitting and 60.00% for standing, due to a higher degree
of  semantic  alignment  between  commands  and  labels.
The vision modality did not contribute significantly,  as
evidenced by the low F1-scores in the image-only setting
(0.00% for sitting and 8.08% for standing).

Fine-tuning improved performance across modalities.
The  CLIP  fine-tuned  text-only  model  reached  90.00%
for sitting and 92.31% for standing, while the CLIP fine-
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Fig.  7   Comparison  of  confusion  matrices  based  on  different  models:  (a)  CLIP  zero-shot  image–text,  (b)  CLIP  fine-tuned
image–text, (c) ImageBind fine-tuned image–text, and (d) GPT-4o zero-shot image–text.
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tuned image–text model achieved 94.74% and 85.71%,
respectively.  The image-only model’s  lower F1-score of
44.44%  for  standing  likely  affected  the  combined  im-
age–text  model’s  overall  score.  Using  temporal  FOV
frames,  the  image–text  (temporal)  model  improved  to
93.33% for standing.

The ImageBind fine-tuned image–text model performed

well,  with  F1-scores  of  90.00% for  sitting  and  92.31%
for  standing.  The  ImageBind  fine-tuned  image–audio
model  had  lower  performance  (70.59%  for  sitting  and
76.92%  for  standing).  These  results,  while  lower  than
the image–text model,  are still  relatively strong for the
image–audio model  and rank just  behind tasks  such as
low  space  navigation  (81.82%)  and  stair  descension

 

Table 4   Examples of GPT-4o zero-shot reasoning paths and predictions

# True label
Reasoning path and prediction

GPT-4o ZS image-only GPT-4o ZS text-only GPT-4o ZS image–text

1 Construction
ladder down
climbing

Reasoning: Based on the sequence of
frames showing the user descending
a ladder.
Prediction: Construction ladder
down climbing ✓

Reasoning: —
Prediction: Vertical
ladder down climbing
✗

Reasoning: Based on the frames
and the spoken command “I’m at the top of the
other ladder. I am going back down”, it is clear
that the user is descending a ladder.
Prediction: Vertical ladder down
climbing ✗

2 Vertical ladder up
climbing

Reasoning: —
Prediction: Construction ladder up
climbing ✗

Reasoning: —
Prediction: Vertical
ladder up climbing ✓

Reasoning: Based on the provided
frames and the spoken command “I am
climbing the straight ladder”, the user is
performing the activity of climbing a vertical
ladder. The sequence of images shows the user’
s perspective moving up the rungs of a ladder,
consistent with vertical ladder climbing.
Prediction: Vertical ladder up
climbing ✓

3 Vertical ladder
down climbing

Reasoning: Based on the frames
provided, the user appears to be
climbing down a vertical ladder in
an industrial environment. The
sequence of images shows a
downward movement with hands
grasping the rungs of a ladder,
indicating a descent.
Prediction: Vertical ladder down
climbing ✓

Reasoning: —
Prediction: Stair
descension ✗

Reasoning: Based on the provided
frames and the spoken command “Now I’m
coming down”, it is clear that the user is
descending. The frames show a progression of
descending movements on a ladder, as
indicated by the user’s hands and feet
positions.
Prediction: Vertical ladder down
climbing ✓

4 Low space
navigation

Reasoning: Based on the provided
frames, it appears that the user is
moving along a path with a visible
change in elevation. The downward
angle and the presence of railings
suggest that the user is likely
descending the stairs.
Prediction: Stair descension ✗

Reasoning: —
Prediction:
Construction ladder
down climbing ✗

Reasoning: Based on the frames
and the command, “I should be careful here
again”, it appears the user is navigating an
environment where caution is necessary. The
frames show a consistent descent down a
grated metallic structure, indicative of
staircases often found in industrial settings.
The perspective and angle change in the
frames suggest movement downwards, and the
presence of railings and the structure of the
stairs are typical of industrial staircases.
Prediction: Stair descension ✗

5 Stepping over box Reasoning: Based on the provided
frames, it appears that the user is
approaching and then stepping over
an obstacle (the box) on the ground.
The sequence of frames shows the
user’s movement towards the box
and then the box becoming less
visible, suggesting the user is
stepping over it.
Prediction: Stepping over box ✓

Reasoning: —
Prediction: Stepping
over pipe ✗

Reasoning: Based on the command “I’m about
to go over the obstacle” and the provided
frames showing the user’s field of view over
time, it is evident that the user is preparing to
step over an obstacle (the box in this case).
Prediction: Stepping over box ✓
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(94.74%). This pattern aligns with the strong performance
seen in the image–text counterparts, suggesting that the
improved accuracy in these tasks is primarily driven by
visual information, with the audio modality contributing
minimally.

GPT-4o’s zero-shot image–text model achieved strong
results, with F1-scores of 88.89% for sitting and 92.31%
for  standing.  The  model’s  reasoning  paths  demonstrate
its ability to infer user intent by integrating minimal visual
cues  with  language  inputs.  The  GPT-4o  zero-shot  text-
only  model  performed  moderately,  achieving  57.14%
for  sitting  and  85.71%  for  standing.  The  image-only
model, however, struggled significantly with 0.00% F1-
scores for both tasks. A review of reasoning paths indi-
cated that recurring metallic structures often led to con-
fusion  between  sitting  and  standing,  particularly  with
other vertical tasks such as ladder or stair climbing.

This highlighted the importance of language input for
less dynamic tasks where visual  cues alone can be am-
biguous. 

5.2.4    Stair ascension/descension
CLIP  zero-shot  models  showed  poor  performance  for

stair  ascension,  with  image–text,  image-only,  and  text-
only settings all yielding an F1-score of 0.00%. The con-
fusion  matrix  (Fig.  7a)  indicated  consistent  misclassifi-
cation of stair ascension as stair descension, suggesting
difficulty in distinguishing between upward and down-
ward  movement,  defaulting  to  the  latter.  For  stair  de-
scension,  the  text-only  model  performed  moderately
better with an F1-score of 54.05%, while the image–text
model achieved 42.55%. Overprediction of stair descen-
sion was common across tasks, implying that the semantic
context in zero-shot commands was insufficient for precise
activity  differentiation,  leading  to  higher  similarity
scores favoring Stair Descension.

Fine-tuning improved CLIP model performance signif-
icantly. The CLIP fine-tuned image–text model achieved
86.96% for stair ascension and 94.74% for stair descen-
sion, with minimal misclassifications seen in the confusion
matrix (Fig. 7b). The image-only model also performed
well,  recording 95.24% for stair  ascension and 86.96%
for  stair  descension.  However,  the  image–text  and  im-
age–text temporal  models did not surpass the text-only
model,  maintaining  identical  F1  scores.  This  suggests
that  concatenation-based  fusion  might  not  have  fully
utilized visual information for these tasks.

The ImageBind fine-tuned image–text model performed
exceptionally,  reaching an F1-score of  95.24% for stair
as- cension  and  100.00%  for  stair  descension  with  ac-
curate  classifications  shown  in  the  confusion  matrix
(Fig. 7c).

GPT-4o’s  results  in  stair-related  tasks  were  strong.
Both  zero-shot  image–text  and  text-only  models
achieved  95.24%  for  stair  ascension,  while  the  image-

only model scored 90.91%. For stair descension, the im-
age–text model reached 90.91%, with the text-only setting
at  95.24%.  The  image-only  model,  however,  struggled
with stair descension (F1-score of 62.07%), emphasizing
the importance of command input for this task.

The confusion matrix (Fig. 7d) highlighted some mis-
classifications:  Sitting  and  low  space  navigation  were
sometimes  predicted  as  stair  descension,  and  vertical
ladder  up  climbing  was  occasionally  misclassified  as
stair  ascension.  This  underscores that,  while  the model
correctly  identified  the  general  movement  direction,
specific task recognition remained challenging. The con-
fusion between vertical ladder up climbing and stair as-
cension can be attributed to strong visual similarities in
the egocentric FOV frames: Both tasks produce repetitive
horizontal  edge  patterns  (rungs  vs.  stair  treads)  with
similar upward egocentric motion cues and metallic/in-
dustrial  backgrounds.  When  the  FOV  captures  only  a
partial view of the climbing structure, particularly under
occlusion from the  user’s  hands  or  structural  elements,
the  discriminative  visual  features  (e.g.,  rung  spacing,
handrail geometry, and the presence of a stair landing)
may be insufficient for reliable differentiation. This failure
mode is  consistent  with findings  in  construction action
recognition literature, where occlusion is identified as a
primary  source  of  classification  error  [49].  Potential
mitigations include incorporating depth cues (e.g., from
stereo or structured-light cameras), fusing with IMU data
to  capture  distinct  kinematic  signatures  of  ladder  vs.
stair climbing, and extending temporal context through
memory-augmented  architectures  to  leverage  longer-
horizon sequential patterns. 

5.2.5    Obstacle navigation: Stepping over box and pipe
CLIP zero-shot models displayed moderate performance

in  obstacle  navigation  tasks.  The  CLIP  zero-shot
image–text  model  achieved  F1-scores  of  30.77%  for
stepping  over  box  and  50.00%  for  stepping  over  pipe,
while  the  text-only  model  performed  slightly  better,
with scores of 53.85% and 46.15%, respectively.

Fine-tuning improved CLIP model outcomes, with the
image-only  model  achieving  76.92%  for  stepping  over
box and 77.78% for stepping over pipe. The CLIP fine-
tuned  image–text  model  integrated  visual  and  textual
features  effectively,  scoring  82.35%  for  stepping  over
box  and  94.74%  for  stepping  over  pipe.  Minimal  mis-
classifications  were  observed  in  the  confusion  matrix
(Fig. 7b).

The ImageBind fine-tuned image–text model performed
less  effectively  on  obstacle  tasks  compared  to  other
classes, with F1-scores of 28.57% for stepping over box
and 50.00% for stepping over pipe. The confusion matrix
(Fig. 7c) revealed challenges in differentiating between
these  obstacle  classes.  The  ImageBind  fine-tuned
image–audio model showed bet ter  results  for stepping
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over pipe (75.00%) but continued to struggle with step-
ping over box (33.33%).

GPT-4o  performed  exceptionally  well  in  these  tasks.
The zero-shot image–text model achieved an F1-score of
92.31% for stepping over box and a perfect 100.00% for
stepping  over  pipe.  The  text-only  model  performed
moderately,  with  36.36%  for  stepping  over  box  and
72.73%  for  stepping  over  pipe.  The  image-only  model
scored 69.23% for stepping over pipe but struggled with
stepping over box (36.36%). Example #5 in Table 4 un-
derscores  the  importance  of  both  modalities.  In  cases
where the command was generic (e.g., “I’m about to go
over  the  obstacle”),  visual  frames  provided  essential
context for identifying the specific obstacle, such as the
box. 

6    Discussion of key findings
 

6.1    Multimodality and model performance

The importance of incorporating multiple modalities,
visual and linguistic data, into the prediction of locomo-
tion  activities  was  evident.  Although  there  were  cases
where  individual  modalities  (e.g.,  image-only  or  text-
only  models)  performed  better  for  certain  classes,  the
multimodal  models  generally  achieved  higher  overall
performance  across  most  locomotion  activities.  For  in-
stance, as seen in Fig. 6, the fine-tuned CLIP image–text
model achieved a weighted average F1-score of 90.05%,
surpassing both the CLIP image-only (81.73%) and CLIP
text-only (74.36%) models, followed by the GPT image-
only  (59.17%),  text-only  (74.34%),  and  image–text
(87.87%) models.  This  confirms that  the integration of
visual  and  linguistic  information  enables  the  model  to
capture  complementary  cues,  leading  to  more  accurate
predictions across a variety of tasks.

However, it is worth noting that the multimodal models
did not always outperform individual modalities for all
classes.  For  example,  lower  accuracies  were  observed
for  specific  tasks  such  as  level-ground  navigation,  low
space  navigation,  stair  ascension,  and  standing  in  the
image–text setting compared to the top-performing indi-
vidual  modality  in  fine-tuned  CLIP  models,  as  seen  in
Table 3.  This suggests  that for some locomotion activi-
ties,  the  concatenation  fusion  technique  did  not  fully
capitalize on the strengths of each modality. To address
this, exploring advanced fusion strategies, such as cross-
attention  or  hierarchical  fusion,  might  better  balance
the contributions of each modality and enhance overall
performance.  Moreover,  GPT-4o  zero-shot  models  also
showed lower performance in a few cases when combining
both modalities, particularly in tasks such as construction
ladder down climbing, vertical ladder up climbing, and
stair  descension,  as  shown  in Table  3.  These  inconsis-
tencies further emphasize the need for refined prompting
strategies  to  handle  real-world  imperfections  in  input

data,  such  as  ambiguities  or  delays.  By  incorporating
prompt techniques that instruct the model to recognize
ambiguities and focus on clearer, more important infor-
mation, it could potentially improve the model’s accurate
predictions when combining both modalities.

The temporal representation of input data was pivotal
for  model  performance.  The  grid  format  in  fine-tuned
models such as CLIP effectively captured temporal context
without  requiring  sequential  frame  analysis.  The  GPT-4o
zero-shot  model  also  demonstrated  strong  reasoning
with this static grid, utilizing condensed temporal infor-
mation to perform well across tasks. However, the CLIP
fine-tuned  image–text  (temporal)  model,  which  used  a
temporal  aggregation  mechanism  with  positional  em-
beddings  and  multi-head  self-attention,  did  not  signifi-
cantly  outperform  the  grid-based  approach.  This  high-
lights  that  while  the  grid  representation  was  sufficient
for  this  task,  improving  the  handling  of  sequential
frames could further enhance performance. 

6.2    Occlusion handling and hallucination avoidance

A critical concern for deploying vision–language mod-
els in construction environments is the risk of hallucina-
tion, generating plausible but incorrect predictions, par-
ticularly  under  occlusion  or  ambiguous  visual  condi-
tions. Our framework addresses this risk through several
complementary  mechanisms.  First,  the  GPT-4o  system
prompt constrains the model’s output to a closed set of
12 valid locomotion labels, preventing the generation of
arbitrary  or  out-of-vocabulary  predictions.  This  closed-
set constraint significantly reduces the output space and
eliminates free-form generation that could lead to hallu-
cinated  labels.  Second,  the  CoT  prompting  strategy  re-
quires the model to articulate its reasoning before com-
mitting  to  a  prediction,  making  the  decision  process
transparent and auditable. When visual cues are occluded
or  ambiguous  (as  seen  in  example  #4  in Table  4),  the
reasoning path reveals the model’s uncertainty, enabling
downstream safety  systems  to  flag  low-confidence  pre-
dictions. For production deployment, we recommend in-
corporating  uncertainty-aware  fields  (e.g.,  vagueness
scores  and  discrepancy  scores)  into  the  prediction
schema,  along  with  structured  output  enforcement
via  JSON  schema  constraints  [48],  to  provide  explicit
confidence  signals  that  can  trigger  fallback  behaviors,
such  as  maintaining  the  current  locomotion  mode,
when prediction reliability is insufficient for safe mode
switching. 

6.3    Toward quantitative human–robot interaction metrics

The predictions presented in Tables 3 and 4 are quali-
tative locomotion labels.  However,  for practical  HRI in
exoskeleton control, quantitative metrics are essential to
assess system performance beyond classification accura-
cy. Future extensions of this framework should report:
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(i) transition timing error: the temporal offset between
the  predicted  and  actual  onset  of  a  locomotion  mode
transition; (ii) mode-switch delay: the end-to-end latency
from user  intent  to  exoskeleton  response;  (iii)  stability
proxies: kinematic or force-based measures (e.g., center-
of-pressure variability and joint torque deviations) that
quantify  the  physical  impact  of  correct  vs.  incorrect
mode predictions on the user; and (iv) calibration met-
rics: expected calibration error (ECE) and Brier scores to
assess whether the model’s confidence estimates are re-
liable for safety-critical decision-making. Prior exoskele-
ton  literature  reports  transition  delays  on  the  order  of
seconds and emphasizes that reducing delay and wrong
switching is directly safety-relevant [8, 50], motivating
these  quantitative  metrics  as  essential  complements  to
the label-level accuracy reported in this study. 

6.4    Generalization vs. task-specific performance

Fine-tuning the models resulted in significant perfor-
mance improvements. For instance, the weighted average
F1-score for the CLIP image–text model increased from
32.28%  (zero-shot)  to  90.05%  (fine-tuned).  However,
considering the dataset’s constrained diversity, the task-
specific  accuracy  gains  observed  in  these  models,  such
as CLIP, may not ensure strong generalization. This lim-
itation  is  evident  in  their  lower  performance  in  zero-
shot  settings,  which  suggests  challenges  in  adapting  to
new  or  rapidly  evolving  environments,  such  as  those
commonly encountered in construction.

In  contrast,  the  large  model  GPT-4o  demonstrated
promising generalization across various construction-re-
lated  tasks  in  our  study  by  effectively  interpreting
prompts  and  integrating  visual  cues  with  speech  com-
mands to discern user intent. Leveraging new paradigms
like zero-shot learning, this model and similar large lan-
guage  models  can  adapt  quickly  to  unfamiliar  tasks
with  minimal  input,  as  evidenced  by  its  87.87%  F1-
score  closely  rivaling  fine-tuned  CLIP’s  90.05%.  This
adaptability  is  particularly  beneficial  in  dynamic  envi-
ronments  such  as  industrial  and  construction  sites,
where  evolving  tasks  and  conditions  demand  models
capable  of  generalizing  effectively  across  diverse
scenarios.

Despite this, as highlighted earlier, most models, with
the  exception  of  the  CLIP  zero-shot  models,  generally
predicted upward and downward directions accurately.
However,  GPT-4o  zero-shot  faced  challenges  in  distin-
guishing  specific  locomotion  modes,  such  as  ladder
types  (e.g.,  vertical  vs.  construction  ladders),  where  it
scored  62.50%  for  vertical  ladder  up  climbing  and
76.92% for construction ladder down climbing compared
to  fine-tuned  CLIP’s  90.00%  and  100%,  respectively.
This  limitation,  evident  in  misclassifications  like  pre-
dicting stair descension for low space navigation due to
ambiguous commands, suggests that while GPT-4o excels

in  general  directionality,  its  zero-shot  performance can
falter with fine-grained task differentiation and unclear
inputs. Enhancing it with few-shot learning or retrieval-
augmented systems could bolster  its  ability to leverage
additional context, improving adaptability across diverse
construction scenarios.

While fine-tuning enables  models  to excel  in specific
tasks, even using smaller models like CLIP, the trade-off
between generalization and task-specific performance is
a  critical  consideration  for  real-world  applications,  es-
pecially considering the wide variety of activities within
changing  environments.  The  strong  zero-shot  perfor-
mance of large language models like GPT-4o suggests a
scalable path forward, offering insights into their ability
to  generalize  across  complex  construction  tasks,  as  ex-
plored in this study. 

7    Conclusions

This study developed a multimodal framework to in-
tegrate  field-of-view  frames  and  speech  commands  for
locomotion  prediction,  targeting  complex  tasks  in  dy-
namic  construction  settings,  such  as  ladder  climbing,
stair  navigation,  low-space  movement,  and  obstacle
navigation,  using  smart  glasses.  We  investigated  two
key  aspects:  the  effectiveness  of  combining  vision  and
speech data to enhance locomotion prediction accuracy
and  the  generalization  capability  of  large  language
models, particularly GPT-4o, through zero-shot learning
compared to supervised fine-tuning.

In  the  image–text  setting,  the  fine-tuned CLIP  model
demonstrated the best overall performance, achieving a
weighted  average  F1-score  of  90.05%.  The  GPT-4o
model,  prompted  using  a  zero-shot  CoT  approach,  fol-
lowed  closely  with  an  F1-score  of  87.87%.  The  fine-
tuned  ImageBind  model  performed  well  with  an  F1-
score  of  78.84%,  though  it  was  outperformed  by  fine-
tuned  CLIP  and  GPT-4o.  This  suggests  that  ImageBind
may be  less  suited  for  this  task  compared  to  the  other
models.

Models that integrated image and text modalities con-
sistently outperformed single-modality approaches. The
combination of visual and linguistic cues improved the
models’ ability to capture user intent during complex lo-
comotion  tasks.  The  CoT  prompting  with  GPT-4o  was
particularly  effective,  allowing  the  model  to  infer  user
intent  from  commands  and  understand  temporal  se-
quences  in  FOV  frames,  producing  rea- soning  paths
that led to accurate predictions.

The inclusion of the audio modality did not enhance
performance  notably  when  evaluated  with  ImageBind,
indicating that the visual and linguistic cues were more
defining for the studied locomotion tasks.

Class-wise  analysis  showed that  most  models,  except
for  zero-shot  CLIP,  generally  predicted  upward  and
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downward  directions  in  vertical  movements,  such  as
ladder climbing, and stair ascension and descension, ac-
curately, as well as other tasks involving similar vertical
movements  like  low-space  navigation,  sitting,  and
standing.

Overall,  this  research  demonstrates  the  effectiveness
of integrating field-of-view frames and speech commands
to enhance locomotion prediction while affirming GPT-
4o’s  substantial  potential  as  a  scalable  solution  for  ex-
oskeleton  control  in  dynamic  construction  settings.  By
evaluating  models  like  CLIP,  ImageBind,  and  GPT-4o,
these  findings  advance  adaptive  automation  in  real-
world construction scenarios, though certain challenges
remain to fully realize their applicability.

Several  limitations  emerged  in  this  study,  some  of
which  have  been highlighted  in  Section  5.  The  dataset
used  in  this  study  did  not  encompass  all  possible  con-
struction  activities  and  environmental  conditions,  po-
tentially limiting the models’ generalization capabilities.
The integration of GPT-4o provided an effective means
of leveraging the zero-shot learning to address some of
these challenges. However, the model sometimes misin-
terpreted  tasks  when  commands  were  ambiguous  or
lacked sufficient environmental context, leading to pre-
diction errors.

Although  our  data  collection  was  designed  to  mimic
realistic construction locomotion tasks, it remains closer
to  a  controlled  replication  than  a  fully  unconstrained
jobsite deployment. Known field factors, extreme lighting
variability  (including  nighttime  and  low-light  condi-
tions),  denser  occlusions from equipment and co-work-
ers,  adverse  weather,  and a  broader  diversity  of  obsta-
cles,  can  reduce  recognition  performance  for  vision-
based  perception  unless  explicitly  accounted  for.  Con-
struction  vision  studies  specifically  report  degradation
under occlusion and low-light conditions [10, 51], sup-
porting the need for a staged field-validation roadmap.
Accordingly,  we  position  this  work  as  a  foundational
benchmark  and  propose  a  follow-on  field  study  with
broader  environmental  variation,  incorporating  robust-
ness measures such as uncertainty gating and temporal
memory to handle distribution shifts encountered on ac-
tive construction sites.

Another key limitation is the static nature of the models
used  in  this  study.  The  reliance  on  reasoning  derived
from a limited temporal context, specifically a 5-s window
of FOV frames, restricted the models’ ability to infer se-
quential patterns or leverage broader historical context.
This  static  approach  made  the  models  less  effective  in
understanding evolving user intentions over time.

Additionally, construction environments are inherently
noisy,  and  this  study  leveraged  a  dataset  partially  col-
lected  in  a  noisy  mechanical  mezzanine  setting,  where
Whisper effectively transcribed speech inputs with con-
sistent  performance.  To  further  explore  real-world  ap-

plicability,  future  studies  could  evaluate  model  perfor-
mance  across  an  even  broader  range  of  noisy  speech
conditions and consider denoising techniques to enhance
robustness in varied settings.

Future  work  should  address  these  limitations  by  ex-
ploring  memory- and  retrieval-augmented  LLM  agents
that  incorporate  historical  and  environmental  context
into the reasoning process and enable context-aware ac-
tions. By introducing a retrieval system, such approaches
could dynamically align current tasks with prior activi-
ties,  improving robustness  against  command ambiguity
and  enhancing  sequential  decision-making.  Advance-
ments  in  LLMs  like  GPT-4o  have  significantly  reduced
latency and API costs, making real-time applications in-
creasingly viable in construction environments. Howev-
er,  further  optimization  is  still  required  to  meet  the
stringent demands of highly dynamic and safety-critical
settings.  Future  iterations  of  this  research should  focus
on leveraging these advancements while addressing re-
maining challenges to enhance scalability, performance,
and safety.

A  critical  practical  consideration  for  deploying  GPT-
4o in construction exoskeleton control is its reliance on
cloud-based  API  infrastructure.  Construction  sites  fre-
quently  experience  poor  or  intermittent  network  con-
nectivity,  which  introduces  unpredictable  latency  and
reliability  concerns  incompatible  with  safety-critical
real-time control. In contrast, fine-tuned models such as
CLIP are  lightweight  enough for  edge de- ployment  on
embedded  hardware,  enabling  deterministic  inference
latency without network dependency. We therefore pro-
pose a hybrid deployment architecture: An edge-deployed
fine-tuned model (e.g., CLIP) serves as the primary real-
time  controller  with  guaranteed  low-latency  predic-
tions,  while  the cloud-based GPT-4o model  operates  as
a  secondary  reasoning  layer  that  periodically  refines
predictions, handles ambiguous cases flagged by uncer-
tainty  scores,  and  provides  contextual  reasoning  when
network connectivity permits. This architecture preserves
the  safety-critical  responsiveness  of  edge  inference
while  leveraging GPT-4o’s  superior  zero-shot  reasoning
capabilities  as  an  advisory  system.  Future  work should
benchmark  inference  latency  and  power  consumption
across representative edge hardware platforms to estab-
lish deployment feasibility for construction environments.

Additionally,  the  reliance  on  a  5-s  temporal  window
limits  the model’s  ability  to  handle long-duration tasks
or leverage broader historical context for sequential de-
cision-making. Future iterations should explore memory-
augmented  architectures,  such  as  short-term  memory
buffers  that  retain  recent  predictions  and observations,
long-term  memory  stores  (e.g.,  vector  databases)  that
encode  site-specific  patterns,  and  retrieval-augmented
generation (RAG) approaches that dynamically retrieve
relevant  prior  experiences  during  inference.  These
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mechanisms  would  enable  the  model  to  reason  over
longer  temporal  horizons,  recognize  recurring  task  se-
quences  (e.g.,  repeated  ladder-to-ground  transitions
during roofing work), and adapt to site-specific locomo-
tion  patterns  without  retraining.  Such  memory-aug-
mented  systems  represent  a  natural  extension  of  the
zero-shot  reasoning  paradigm  demonstrated  in  this
work toward fully adaptive exoskeleton control agents. 
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