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Abstract— This research explores the . INTRODUCTION

integration of human judgment, choices and

Al within decision-making frameworks with This research introduced a novel Human-Al

computer vision, focusing on a Human-Al algorithm des_igned to human cognitive capa_bilities
algorithm that balanced both human with Al rpbotlc powerthrough computerws!on. By
intuition and computational power. This human judgment, choice and observation as
study focuses on factor such as human variables, the study develops a decision-making
judgment, human choice techniques and the framework enhancing robotic system’s efficiency
opacity of human choices as observation to and reliability. The opacity of human choices,
understand the cognitive and emotional cognitive biases and S|tuat|ona_l baseq such as
factors influencing decision-making by environmental ~ frequency, object dimensions,
robots in critical situations as key factor. object types and color perception are integrated
Human observation is based on the situation with probabilistic Al models, randomization
judged by the frequency of environments techniques and DL with CV approaches to show
(sensing), dimension of objects and color AT’s predictive power. The main core is the ability
perception. of the human opacity algo_rl_thm to gnder_stan(_j the
This approach examines how human randomness of hqman deC|s_|0n-mak|ng S|tuat|o_nal
psychology including biases and heuristics aspects. By implementing deep learning

techniques, regression within human choices is
explained, identifying psychological trends that
impact decisions in Al critical situations. This
method facilitates the development of adaptive Al
systems capable of real-time decision-making,
showing the trust and usability in human-Al
collaboration.

interacts with Al systems to achieve optimal
outcomes for real-time operations that foster
trust and usability. This paper provides
insights into designing algorithms that
respect human autonomy while leveraging
AT’s scalability, with implications for fields
such as healthcare, robotics, and

autonomous systems. Il. LITERATURE REVIEW
Keywords— Human-Al collaboration, Existing algorithms and methods in
Real-Time  decision-making, human human-Al decision-making include:

judgment, deep learning, probability, human
psychology, choice opacity, randomness,
object dimensions, object colors.

A. Decision Support Systems (DSS): Utilize rule-based
logic, probabilistic models, and Al insights to enhance
human decision-making.

Learning-to-Defer (L2D) Models:
Optimize performance, fairness, and
trust by determining when decisions
are made by Al, humans, or both.
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B. Human-in-the-Loop (HITL) Systems: Incorporate D. Repair Learning:

human input at critical junctures in decision-making. Repair History: Data on successful and

Al-Assisted Decision-Making (AIDM):
Provide contextualized explanations of
Al  decisions, often  employing
Explainable Al (XAl) techniques.

Transparency: Deep learning models are
often black-box systems.

Cognitive Bias Replication: Al systems
can mirror biases present in training data.

Limited Adaptability: Current models
often fail to adapt to dynamic human
cognitive states.

Damage Detection Limitations: Existing
visual systems are heavily reliant on
supervised learning, limiting their
adaptability.

Novelty of the Proposed Approach: The
Human-Al Synergistic Decision Algorithm
(HASDA) explicitly incorporates human
cognitive biases, adapts in real-time,
enhances damage detection through
multimodal analysis, and prioritizes
transparency and explainability.

I1l. DATASETS

A. Human Cognitive Factors:
Human Choice (C): Probabilistic
decisions  reflecting  biases  and
situational observations.

Voice Feedback: Captures emotional and
contextual human reactions.

B. Environmental Factors:

Environmental Data (E): Includes
temperature, humidity, lighting, and
pollutant levels.

Situational Context: Information about
object dimensions, types, and contexts
(indoor/outdoor).

C. Damage Detection Data:

Image and Video Frames: Annotated
with object type, damage type, and
severity levels.

Damage Categories: Crack, deformation,
and other defects.
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failed repairs.

Feedback Mechanisms: Human
evaluations of repair effectiveness.

E. Decision-Making Context:

Combined Decisions: Records of
human-Al interactions.

Weighted Factors: Influence of each
decision component on final outcomes.

F. Data Augmentation Techniques:

Image Augmentation: Rotation, flipping,
and scaling for damage images.

Voice Data Variation: Modifying pitch
and tone to simulate diverse scenarios.

G. Synthetic Environmental Data: Simulating variable
conditions for training.

IV. EQUATIONS

A. Problem Definition: Design a decision-making system
integrating human cognitive factors with Al’s
computational abilities for real-time decision-making
and damage detection.

Core Components:

Human Cognitive Factors:

Human Choice (C): Probabilistic
distributions capturing randomness and
biases as like hormone .

Human Observation (O): Frequency,
dimension, object type, and color
perception.

Al Predictive Models: Utilize input
features from human observation.
Voice Input & Environmental Issue
Detection: Include human feedback
and situational awareness.

B. Decision Formula:
A(t) = aX(z) + PA(T) + y5(t) + OE(T) + Adp(t) + OO(
7)
Where: a,f,y,0,\,0are weights,
X(t) = Human choice at time ,

A(t) = Al state at time t,
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¢(t) = Voice input at time t, Voice Data Variation: Modifying pitch
and tone to simulate diverse scenarios.
E(t) = Environmental issues at time , Synthetic Environmental Data:
Simulating variable conditions for
Ap(t) = Learned repair action decision. training.
©(t) = Quality of Judgement G. Case Studies
Object and Environment Quality Judgment: Autonomous Drone Inspection:
Evaluate objects with environments based on Enhanced damage detection and repair
clarity, integrity, relevance, temperature, strategy optimization.

pollution, and lighting.

V. ALGORITHM DESIGN

. Human Cognitive Factors:

Human Choice (C): Probabilistic
decisions  reflecting  biases  and
situational observations.

Voice Feedback: Captures emotional and
contextual human reactions.

. Environmental Factors:

Environmental Data (E): Includes
temperature, humidity, lighting, and
pollutant levels.

Situational Context: Information about
object dimensions, types, and contexts
(indoor/outdoor).

. Damage Detection Data:

Image and Video Frames: Annotated
with object type, damage type, and
severity levels.

Damage Categories: Crack, deformation,
and other defects.

. Repair Learning:

Repair History: Data on successful and
failed repairs.

Feedback Mechanisms: Human
evaluations of repair effectiveness.

. Decision-Making Context:

Combined Decisions: Records of human-
Al interactions.

Weighted Factors: Influence of each
decision component on final outcomes.

. Data Augmentation Techniques:

Image Augmentation: Rotation, flipping,
and scaling for damage images.
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Environmental Hazard Monitoring:
Improved adaptability and response
efficiency based on human feedback.

Future Directions:

Enhanced  Multimodal  Integration:
Further  research into  combining
additional input modalities—such as
tactile feedback or sensor fusion
techniques— can improve the system’s
ability to process complex environments
and increase its robustness.

Transfer Learning for Repair Actions:
Leveraging transfer learning or meta
learning techniques could enable the
system to generalize repair actions across
different domains, improving its
scalability and applicability to diverse
environments.

Explainability and Trust: As Al systems
become more integrated into high-stake
domains (e.g., healthcare, autonomous
vehicles), it is essential to develop
explainable Al models. Future work
could focus on building transparency
into the decision-making process to
enhance user trust and adoption.

Scalability and Generalizability:

HASD algorithm is efficiency across different surroundings.
using a large proprietary dataset, the dataset is diverse and
covers multiple real-world scenarios, enhancing the model's

adaptability and robustness. The following approaches are:

Multimodal Integration: Miscellaneous sensory
inputs such as audio, visual, and environmental
sensors to adapt to varying operational act.

Real-Time Adaptation: reinforcement learning
using update  decision-making  parameters
dynamically based on continuous human-Al

ISBN: 978-93-343-1044-3



G-CARED 2025 - First Global Conference on Al Research and Emerging Developments

interactions through numerical hormones. FIG. RESULTS

Table 1: Comparison of Performance Metrics

. . . . R Proposed Traditional Al-based Human-Al Hybrid
Advanced Optimization Techniques: Metie Algorithm Modets Models
Exploring  reinforcement  learning,

Accuracy 95% 85% 90%
adaptive learning rate methods, or Mult Afaplabiiy: High Fodiim i
objective optimization algorithms could S - —

improve the dynamic balancing of R
human feedback and Al predictions, Time 128 1.58 138
leading to more efficient and accurate

decision-making.

Learning Rate Fast Slow Moderate

Emotional Intelligence:

Self-Management and  Relational-
Management.

H. Figures and Tables

Environmental Factors

= C=2
sl —

£ e T
Extract Layer <Command Risk) (Command Stata Image Depth < Image Condition ) @age Reaction with Co@
\

Risk of Actionion Duration of Interpretation  Numerical Oxytocion Numerical Seroctonin  Numerical Dopamaine
A\

Binary Extract Laye

Prepocessing and
Extract Knowledge

Probability with
Reinforcement

Explore
Probability with
Reinforcement

New Situation Learner

Control and Judgment
Expertin Previous Knowledge
|
( Agent >
|
T

Action Result

Visual Agent

G-CARED 2025 | DOI: 10.63169/GCARED2025.p19 | Page 136
ISBN: 978-93-343-1044-3



G-CARED 2025 - First Global Conference on Al Research and Emerging Developments

ACKNOWLEDGMENT

I would like to thank SAITM for providing the resources
and support necessary for this research. Special thanks to
HOD of CSE (Preetishree Patnaik) for invaluable
contributions, insightful feedback and encouragement
throughout the development of this study.

REFERENCES

[1] G. Eason, B. Noble, and I. N. Sneddon, “On certain integrals of
Lipschitz-Hankel type involving products of Bessel functions,”
Phil. Trans. Roy. Soc. London, vol. A247, pp. 529-551, April
1955. (references)

[2] J. Clerk Maxwell, A Treatise on Electricity and Magnetism, 3rd
ed., vol. 2. Oxford: Clarendon, 1892, pp.68-73.

[3] L S. Jacobs and C. P. Bean, “Fine particles, thin films and
exchange anisotropy,” in Magnetism, vol. II, G. T. Rado and H.
Suhl, Eds. New York: Academic, 1963, pp. 271-350.

G-CARED 2025 | DOI: 10.63169/GCARED2025.p19 | Page 137

[4]
[5]

[6]

[71
(8]

[9]

[10]

K. Elissa, “Title of paper if known,” unpublished.

R. Nicole, “Title of paper with only first word capitalized,” J.
Name Stand. Abbrev., in press.

Y. Yorozu, M. Hirano, K. Oka, and Y. Tagawa, “Electron
spectroscopy studies on magneto-optical media and plastic
substrate interface,” IEEE Transl. J. Magn. Japan, vol. 2, pp. 740—
741, August 1987 [Digests 9th Annual Conf. Magnetics Japan, p.
301, 1982].

M. Young, The Technical Writer’s Handbook. Mill Valley, CA:
University Science, 1989.

K. Eves and J. Valasek, “ Adaptive control for singularly
perturbed systems examples,” Code Ocean, Aug. 2023. [Online].
Auvailable: https://codeocean.com/capsule/4989235/tree

D. P. Kingma and M. Welling, “Auto-encoding variational
Bayes, ” 2013, arXiv:1312.6114. [Online]. Awvailable:
https://arxiv.org/abs/1312.6114

S. Liu, “Wi-Fi Energy Detection Testbed (12MTC),” 2023,
gitHub repository. [Online]. Auvailable:

https://github.com/liustone99/Wi-Fi-Energy-Detection-Testbed-
12M

ISBN: 978-93-343-1044-3



