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Abstract: The role of robotic systems in human assistance is inevitable with the bots that assist
with interactive and voice commands. For cooperative and precise assistance, the understandability
of these bots needs better input analysis. This article introduces a Comparable Input Assessment
Technique (CIAT) to improve the bot system’s understandability. This research introduces a novel
approach for HRI that uses optimized algorithms for input detection, analysis, and response genera-
tion in conjunction with advanced neural classifiers. This approach employs deep learning models
to enhance the accuracy of input identification and processing efficiency, in contrast to previous
approaches that often depended on conventional detection techniques and basic analytical methods.
Regardless of the input type, this technique defines cooperative control for assistance from previous
histories. The inputs are cooperatively validated for the instruction responses for human assistance
through defined classifications. For this purpose, a neural classifier is used; the maximum possibilities
for assistance using self-detected instructions are recommended for the user. The neural classifier is
divided into two categories according to its maximum comparable limits: precise instruction and
least assessment inputs. For this purpose, the robot system is trained using previous histories and
new assistance activities. The learning process performs comparable validations between detected
and unrecognizable inputs with a classification that reduces understandability errors. Therefore, the
proposed technique was found to reduce response time by 6.81%, improve input detection by 8.73%,
and provide assistance by 12.23% under varying inputs.

Keywords: neural networks; machine learning; robot systems; interactive classification; optimal control

MSC: 68T40; 68T07

1. Introduction

Human-robot interaction (HRI) is a technique used to understand, design, and evaluate
robotic systems for humans. HRI is mainly used to enhance the performance range of
boring work using robots [1]. Various input assessments are used for human interactive
robots. A spatial reasoning-based situation assessment method is used in the HRI object
manipulation process [2]. Spatial reasoning is used here to analyze the efficiency and
optimal interaction services among humans and robots [3]. The analyzed data produce
feasible data used as inputs to perform user tasks. The spatial features are detected from
the datasets, minimizing the computational cost of the input assessment process [4]. The
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spatial reasoning-based method increases the decision-making accuracy ratio, improving
interactive services among users [5]. A quality assessment technique is used in HRI for the
performance improvement process. The quality assessment technique identifies the key
values and characteristics presented in the interactive services [6]. The identified values
are used for further performance improvement, which minimizes the latency of the task
allocation process. The assessment technique enhances the feasibility and robustness range
of the HRI systems [7].

Human assistance robots use voice commands to perform tasks for their users. A
voice command is generated remotely using a voice module. Human assistance robot input
classification is a crucial task that identifies the exact owner of the robots [8]. It is an authen-
tication process that reduces human assistance robots’ complexity. Various classification
methods are used to analyze the variables of the commands. A gesture-based human assis-
tance classification method is used in HRI for manufacturing [9]. The classification method
analyzes the variables provided via wearable and wireless sensors. The capture variables
provide optimal features and segments necessary for human assistance in HRI [10]. The
assistance classification method improves efficiency in performing particular user tasks.
A hybrid assistance classification using a neural network (NN) is used in HRI [11]. The
NN algorithm uses a classifier that classifies the users’ voice and motion commands. The
classified data produces feasible information that is important for interaction services. The
NN-based technique improves the overall performance range of the systems [12].

Neural network (NN)-based methods are used for the input process in HRI. The NN
algorithm mainly analyzes the inputs produced via human and robot interactions [13]. A
NN-based approach is used for input processing in HRI. The aim is to analyze the variables
containing virtual inertia inputs to process a task. The NN-based approach is designed
to improve the systems’ HRI cooperation and performance range [14]. The NN-based
approach reduces the error and failure range in performing tasks for the users in HRI [15].
A neural integrator model is used to assist robots in input processing. The neural integrator
is mainly used as a gradual accumulator that evaluates the input commands of the users
to the robots [16]. The input command voices are classified based on the necessity and
functionality of the process. The inputs are processed to perform particular tasks, enhancing
the systems’ feasibility range. The integrator model reduces the robots’ cognitive workload
and complexity during interactive services [17]. Human-robot interaction is a means of
sharing identifiable objects from the environment via communication between humans and
robots. Typically, the images obtained from the surroundings are three-dimensional, and
the robot has trouble detecting them. To precisely identify the objects and produce results
for humans, 3D to 2D conversion is used [18].

The main objective and contributions of the paper are:

• Designing the Comparable Input Assessment Technique (CIAT) to improve the bot’s
system understandability.

• Assessing the human assistance robots based on heterogeneous comparable input
assessment.

• Employing the neural classifier for classifying inputs, precision instructions, and least
assessments.

• The experimental outcomes have been performed, and the suggested CIAT model
increases input detection and assistance and reduces the response time compared to
other existing models.

The rest of the paper is followed by Section 2, which discusses related works. Section 3
proposes the Comparable Input Assessment Technique (CIAT) framework. The results and
discussion are explained in Section 4, followed by Section 5, which concludes the novel
idea of the study.
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2. Related Works
2.1. Interactive Frameworks

Liao et al. [19] proposed an ergo-interactive framework for human-robot collaboration
(HRC) and dynamic movement primitives (DMP). The actual aim of the framework is to
analyze human-robot interactions. The analyzed data produces optimal features to detect
the task requirement range. A mobile manipulator is used here to evaluate the ergonomic
forces for the tasks. The proposed framework increases the adaptation process’s accuracy,
enhancing the system’s feasibility level.

Hindemith et al. [20] designed an interactive robot task-learning method for HRC.
The designed method is mainly used as an adaptative-evolution strategy, providing proper
human teaching proficiency to the robots. An optimization algorithm is implemented to
investigate users’ feedback during the learning process. The designed method increases
the overall performance range in the human-robot interaction process.

Qian et al. [21] introduced a new phase estimation algorithm-based model for proac-
tive assistance in HRC tasks. The main aim of the model is to provide uniform interval
interpolation and variables to perform tasks in HRC. Interactive movement primitives
are provided to the robots, reducing the tasks’ computational complexity. The introduced
model improves the effectiveness range of HRC systems.

Di Marino et al. [22] proposed an interactive graph-based tool for HRC workplaces.
The actual goal of the model is to provide proper design services to improve the strategic
capacity of the robots. The proposed model is a multi-level design that provides feasible
decision-making services to the robots. The proposed model enhances the performance
and robustness of HRC applications.

2.2. Mathematical Model-Based Models

Burks et al. [23] developed an online partially observable Markov decision process
(POMDP) framework for human-assisted robotic planning and sensing (HARPS). The
developed framework identifies the actual structure and semantic features of HARPS.
Semantic data produces necessary features that minimize the latency of resource allocation
and planning processes. The developed POMDP framework improves the robustness and
interaction services among human robots.

Muramatsu et al. [24] introduced a mathematical bias model-based involuntary stabi-
lization method for human-robot interaction (HRI). The introduced method is mostly used
to stabilize the involuntary behaviors of robots in applications. The mathematical model
analyzes the interaction process’s exact stability range, reducing the computational cost of
tasks. The introduced method improves the significance ratio of the interaction services.

Fu et al. [25] proposed an android robot-based social connectedness model in HRI.
The actual goal of the model is to improve the intra-group connectedness range in HRI. It
also shares the recent experience of the robots in the group member conversation process.
It is mainly used to address the issues that cause conversation latency. The proposed model
increases the performance range for providing optimal conversation services with people.

Rückert et al. [26] designed a new biofeedback investigation method for HRI in col-
laborative assembly. The designed method is commonly used for stress detection from
biofeedback. The designed method analyzes the endogenous signals presented in the
feedback, eliminating unwanted energy consumption in the detection process. Experimen-
tal results show that the designed method reduces the overall behavioral adaptation of
the robots.

Li et al. [27] developed an integrated approach for robotic sit-to-stand (STS) assistance.
The developed approach uses a long short-term memory (LSTM) algorithm to identify
the human’s intention over the tasks. A motion capture system is used here to capture
the STS assistance level of the robots. The LSTM algorithm minimizes the workload ratio,
enhancing the system’s feasibility level. The developed approach increases the accuracy of
assisting robots in performing user tasks.
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Yu et al. [28] proposed a human-robot interaction system (HRIS) with human per-
ception and action recognition. A monocular, multi-person, three-dimensional (3D) pose
estimation method is used here to estimate the interaction scenarios in the systems. The es-
timation method detects the exact consecutive frames of the person, increasing the stability
ratio of the action recognition process. The proposed HRIS enhances the effectiveness and
feasibility of the systems.

2.3. Deep Learning-Based Models

Zhou et al. [29] developed an attention-based deep learning (DL) approach for HRC’s
inertial motion recognition and estimation. The robots’ exact inertial motion is recognized,
producing data for the performance improvement process. The recognized data allows
the robots to perform partial human tasks in HRC. The developed approach increases the
accuracy of motion recognition and estimation processes.

Zhang et al. [30] designed an innovative multi-dimensional learning algorithm for
HRC. A dynamic movement primitive model is used here to analyze the robots’ force
characteristics and position trajectory. The primitive model identifies the skill generalization
and dynamic parameters used to improve the robustness level of the systems. The designed
algorithm improves the robot’s trajectory compliance, reducing task latency.

Lippi et al. [31] proposed a distributed framework for HRI. The proposed framework
is mostly used to interact with an object-manipulated robot in HRI systems. The proposed
framework uses linear quadratic tracking (LQT) with a recursive least squares (RLS) tech-
nique to estimate the robot’s intention over tasks. The RLS technique analyzes the feasible
data necessary for the requirement allocation process. The proposed framework improves
the overall functional capabilities of the robots.

Liau et al. [32] introduced a genetic algorithm-based task allocation method using two
robots for HRC. The important characteristics and capabilities of the robots are analyzed
for the task allocation process. The analyzed features produce optimal information that is
necessary for further processing. Compared with other methods, the introduced method
increases the accuracy level of the task allocation process.

Sidaoui et al. [33] designed a joint initiative supervised autonomy (JISA) framework for
HRI. The designed framework mainly evaluates the robots’ self-confidence (SC) range. The
JISA framework analyzes the actual demands that the users provide. The JISA framework
minimizes the computation process’s time and energy consumption ratio. The designed
framework improves the overall accuracy range in the reconstruction process.

Ince et al. [34] introduced an audiovisual interface-based drumming system for multi-
modal HRI. The introduced system is mainly used in conjunction with the robot in HRI.
The users’ feedback provides various information necessary for the drumming system. It is
used as an evaluation tool to evaluate the gaming capacity of the robots. The introduced
system enhances the robot’s visual representations, increasing users’ satisfaction.

Jarrah et al. [35] proposed improving process parameters for the growth of carbon
nanotubes (CNTs) by the hybrid technique of response surface methodology (RSM) and
bat algorithm (BA). The process successfully adjusts variables such as catalyst weight,
reaction temperature, time, and methane partial pressure to maximize the yield of CNTs
for mass production. Findings show that BA performs better than RSM, improving CNT
yield by 21% in a single dataset while exhibiting quick and steady convergence. Additional
validation is necessary in actual laboratories.

Online learning methods have become popular due to the COVID-19 pandemic’s
considerable impact on several sectors, including education. Shorman et al. [36] proposed
Arabic language learning websites based on various criteria to help students and provide
teachers with resources. Requirements, including usability, usefulness, and the caliber of
the learning content, which emphasizes language proficiency in writing, reading, speaking,
and listening, are evaluated numerically and qualitatively. Nevertheless, this study is not
intended to cover computer systems for learning outside of websites.
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Suprakas Saren et al. [37] suggested comparing alternative modalities in the context of
multimodal human-robot interaction. The author used the NASA Task Load Index (TLX), a
subjective, multi-dimensional scale that measures the perceived cognitive burden of a user,
to assess task completion times and estimate cognitive effort. Research showed that the
order of alternative modalities’ completion durations was the same in both single-task and
dual-task situations. Rankings according to perceived cognitive burden, however, varied.
While the eye-gaze-based modality was linked to the greatest TLX score in the dual-task
research, the gesture-based modality yielded the best TLX score in the single-task trial.
Similarly, in the one-task trial, the speech-based modality’s TLX score was lower than eye
gazing and gesture, but in the two-task trial, it was in the middle of the pack. Results like
this show that the effectiveness of different modalities depends on the users’ choices and
the scenario at hand.

Tian Wang et al. [38] proposed multimodal human-robot interaction for human-centric
smart manufacturing. This paper aims to rectify this shortcoming by extensively investigat-
ing multimodal HRI, primarily focusing on the following four modalities: visual, auditory,
linguistic, haptic, and physiological sensing. This discussion includes a comprehensive
overview that covers algorithms, interface devices, and practical considerations. This paper
delves into the three aspects of perception, cognition, and action, combining multimodal
HRI with cognitive science in a new way. The goal is to demystify the algorithms that are
inherent to multimodal HRI. Finally, it outlines prospective paths for multimodal HRI in
smart manufacturing, emphasizing humans and highlighting the practical obstacles.

Several major drawbacks were common in earlier human-robot interaction studies.
These included inaccurate detection of various user inputs, delayed and inefficient process-
ing of inputs, and insufficient response creation, which occasionally resulted in irrelevant
or incorrect assistance. The main causes of these deficiencies might be traced back to
antiquated detection technology, straightforward analysis procedures, and slower pro-
cessing rates. Furthermore, dependability was compromised since many early systems
lacked adequate error detection capabilities. This article introduces a Comparable Input
Assessment Technique (CIAT) to improve the bot system’s understandability.

3. Comparable Input Assessment Technique (CIAT)

Human-assisted robots play a crucial role in artificial intelligence, providing coop-
erative control, robot control, and other task optimization. In this optimization category,
the bots assist in the particular task by accompanying and observing the processing step.
Here, the observation of certain task completions is based on recognizing human activities.
Processing this training is aided by this approach, where it deploys to forward the neces-
sary tasks to accomplish. This detection process estimates the coordination between the
detection and unrecognition input, and reliable optimization is provided under AI since
the bot performs an automated, repetitive, and pre-defined task, which is examined based
on human activities. Figure 1 introduces the proposed CIA technique.

The human activities are based on human user behavior, derive the planning task,
and reduce the completion time. The recognition of human activities is based on a multi-
class classification. The proposed work introduces CIAT integrated with the deep neural
network that performs the classification. The classification is based on a better analysis
of the optimization. Thus, the scope of this work is to reduce time and error, while the
precision and response factors are improved based on this deep neural network. Hence, it
estimates the classification from the neural network where the new activities are recorded
for the recognition phase. The ability of neural classifiers to identify and understand
intricate patterns in various human inputs, including voice, gestures, and motions, is
crucial for efficient human-robot interaction. Their capacity to learn and grow with more
data allows the robot to react precisely to various encounters. As an advantage, neural
classifiers can reliably handle inconsistent and noisy human inputs, making them ideal
for real-world circumstances where human communication is not always error-free. Thus,
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the preliminary step is to recognize the human-assisting robots, which include gestures,
speech, and emotions, which are equated in the equation below.

R =

{[(
G′ + S′ + E′) ∗ ip

bt

]}
∗ ∑bt

ip

(
G′ + S′)+ A ∗

(
∏E′ A
bt + ip

)
+


∑

(
1
ip
bt

)
A

(G′+S′+E′)

 ∗


(

∑A bt+ip
1

)
(

G′+S′
E′

)
 (1)
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The recognition is performed in this case, where the input from the human assisting
robots is described as R. This stage includes the gestures, speech, and emotions of the
human, and they are symbolized as G′, S′ and E′. The input is labeled as ip, bots are bt the
acquisition of the input is A. In this case, the recognition is processed, and the appropriate
output is measured from the input. Hence, the input is performed for the varying gestures
it observes and stores in the database. The acquisition is performed from the database and
provides reliable output. This approach indicates the bots system where the analysis is
carried out for the different processing sets from the recognition.

These input-based bots are performed by acquiring gesture, speech, and emotion, and

they are described as


∑

 1
ip
bt


A

(G′+S′+E′)

. The examination is measured for the varying inputs

acquired from the robots, and based on this, the processing is carried out appropriately. By
providing this, it detects the activities with the previously stored dataset and forwards the
result. This mapping process indicates the history and the new activity of the bots in the AI.
The optimization techniques rely on the bot’s pre-defined and automatic behavior. In this
case, the robotic control is used to accomplish the particular task planning and completion
time at the mentioned interval, formulated below.

bt
(
o′
)
=
(

A + ip
)
∗

∑R(G′ + S′ + E′)

Ph

/
(nl + mi)

+ ∏ip

[
A +

(
G′ + S′ + E′)] ∗(1 +

R + A
∑Ph

(nl + mi)

)
+ ip − Ph (2)

The robot control is derived from the above equation, where acquiring the particular
input is used to recognize the bots based on human activities. The control is described as o′,
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and the history is labeled as Ph, the planning task and completion time are represented as
nl and mi. This stage of processing is used to provide a better detection of gesture, speech,
and emotion based on this control. This observation estimates the precise processing by
comparing the bots and the human-assisting robots. The mapping phase is involved in this
equation, where the current and previous stages are used to develop the recognition of the
bots using AI. The bot control based on different inputs is represented in Figure 2.
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In Figure 2, the bot control decision relies on the ph for which previous/new activity
recognition is performed. If the previous history shows up different o′ then
A = ∑(G′, S′, E′) is recognized. The absent entries are defined to detect new controls.
If the ip are synchronized, then nl is defined for individual A such that mi is consolidated.
The proposed classification requires precision, and the least ip is detained from activity
recognition. Bot control is a tool for robotics that allows robots to navigate their surround-
ings without human intervention. One must plan a robot route, avoid obstacles, and make
decisions to travel effectively and securely. Programming and managing the execution of
certain tasks, such as assembly, welding, or material handling, is what bot control is all
about for industrial robots. This guarantees that robots can consistently and accurately
carry out their tasks.

This control system is used to process the acquisition of input from the history and
forward better results based on completion time. Hence, the completion time is used to
examine the planning task and the fixed time to determine whether the task is completed
or not, which involves a timely manner. The timely manner is detected in this step, where

it includes the recognition of the bots, and it is represented as

∑R(G′+S′+E′)

Ph

/
(nl+mi)

. From this

computation, the analysis is forwarded to find the recognition of the bot’s behavior, which
maps with human activities, and it is [A + (G′ + S′ + E′)]. By processing this, the task
optimization is computed in the equation below.
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)
+ ∏bt

A

(
ip + D

)
+
(
G′ + S′ + E′) ∗ (Ph + R) (3)

The task optimization is executed, where the mapping is performed for the robotic
control used to deliver the input human assistance. The task optimization is labeled as
Pz, here, it indicates the planning task and the completion time that require the maximum
control for the bots that acquire the detection, and it is D. The periodic comment is
calculated for the bot’s control for task optimization. This technique invokes the bots to
operate on perfect standards and maintain the benchmark. Examining these computation
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steps for input detection is used to provide reliable recognition among bots. In Algorithm 1,
the task optimization process is detailed.

Algorithm 1 Task Optimization

Function Pz
(
ip, o′

)
Step 1 : Initialize R as {∑ G′, S′, E′}
Step 2 : While ip ̸= 0
Step 3 : ip = ∑(G′, S′, E′) such that A = ip
Step 4 : Perform nl using A ∀ ip
Step 5 : If nl == A
Step 6 : Map

(
A + ∑ ip

)
to Pz

Step 7 : Pz = max(o′ + bt)
Step 8 : If Pz ̸= max(o′ + bt)
Step 9 : nl = Ph + R
Step 10 : Go to Step 3
Step 11 : End if
Step 12 : Pz = (o′ + bt)− A
Step 13 : End if
Step 14 : Map R to Pz ∀ nl <

(
A + ip

)
Step 15 : End while

Based on this recognition, an error in the bot’s operation is detected. The occurrences
are detected in this approach and kept before the operation, and the controls are observed
for task optimization. Task optimization plays a key role in AI for the bot’s operations. This
method involves the detection from the input, which is based on the recognition, and it is
formulated as

(
ip + D

)
+ (G′ + S′ + E′). Thus, acquiring the input from the required bots

is used for the forthcoming classification; for this procedure, the training optimization is
proposed and equated to the equation below.

Tz = ∏o′

Pz
(bt + A) ∗

[(
(nl + mi)

(D + bt)

)
+

(
R/Ph

mp − bt

)]
∗ ∑A (bt + R) ∗ mp − Ph +

(
R ∗ bt

(
o′
))

(4)

Training optimization is the key concept in this paper, which establishes the link
between the bots and the humans, and it is represented as Tz, mapping is described as
mp. Training optimization is used to train the error factor and reduce further computation
steps. Based on this detection, the new activity is re-initialized to recognize the bots in AI
appropriately. In AI, error detection is based on training optimization. In this category, the
error is detected at this stage by mapping with the previous processing. From this previous
processing, the mapping allows the bots to perform well in AI.

This approach delivers a better outcome for the analysis that delivers the better
training phase. The optimization technique involves the bot’s improvement in planning
and completing a particular task on time. From this approach, task planning indicates new
activity recognition, which estimates the history of the re-initialization of the particular
task. This recognition for the bots in this stage maps the current and past historical activity
and delivers the result. Thus, the training optimization is carried out on this platform; after
this, the input is acquired from the robot control, and task optimization is derived from the
following equation:

A =
(
ip + bt

)
∗
(

(Tr + o′)
∑R(nl + mi)

)
∗ ∏R

(
o′ + bt

)
∗ Ph (5)

The input is acquired from the previous operation state, including task optimization
and robot control. From this derivation, the input is fetched and processed to find the
human assisting the activity. This activity relies on error detection, in which recognition is
performed based on history. The history mapping is measured for the bot’s recognition,
and the planning task indicates the training optimization. These training optimization tech-
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niques measure the classification of reliable and non-reliable processes. This observation is
based on the history and provides task optimization and control of the bots. The mapping
of A is diagrammatically portrayed in Figure 3.
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The mapping process is performed between input A and activities using o′. The
possibilities for various tasks and their corresponding Pz define the nl filtration. If mp = 0
then Tz is induced for update new o′ from the bot. This is feasible for at least one input
of the A acquired, resulting in a high analysis rate. Considering the changes in mp, the
possibilities are revised to achieve a high mi and thus Ph are updated. The mapping is
referenced for further understandability and input analysis to reduce errors (Figure 3).
The input is acquired from the previous stage, indicating dependable training for the
fetched input. From the input stage, the planning and completion of the task indicate
the AI optimization for the bot’s behavior in this paper. This establishes the optimization
algorithm for the neural network that provides robot control of bots based on previous
history. The history of detection is based on the recognition of the activity, which forwards
the input to the next computation stage. In this approach, a human-assisting robot is given
as the input, and this classification is followed up using a deep neural network.

3.1. Classification Using Deep Neural Networks

The classification model indicates the neural network for the precise and least positive
failure. From this detection, the precise output is derived for the bots, which provides the
bots with the planning task. Since it is a pre-defined model, the bots are the programs
that work automatically. This working stage involves task completion and response at the
mentioned time. These factors are introduced in the deep neural network and provide
better understandability by proposing a classification formulated in the equation below.

α =


∏bt (R + A) ∗

 Ph+bt

mp

/
o′

+ D − Pz,∈ Precise(
o′+bt
(R+A)

)
∗ ∑D

(
ip + bt

)
+ mi,∈ Least

(6)

The classification is provided in this neural network, where it deploys the precision
and the least positive failure and is described as α. These two factors indicate the history of
the bots and provide reliable classification precision with the least failure. This observation
is processed in the neural classification, which holds the n-number of neurons and performs
efficient detection among the input bots. Based on this, task optimization is calculated.
The first case indicates the precision where the history is used to map with the current
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bot’s detection, and it is formulated as

 Ph+bt

mp

/
o′

. From this stage, the least positive failure

provides the recognition acquired for the bot’s control. Thus, the classification is performed
from the input acquired, and from this, the new activity recording is calculated in the
equation below.

E(n) =
(

R + D
∏o′(bt ∗ nl)

)
∗
[(

mp + er
)
+ (α)

]
∗ nw +

(
Ph + bt

(
o′
))

(7)

The new activity is detected at this stage, providing reliable computation for error
detection. In this scenario, the mapping is performed to detect the error factor in this step,
and it is represented as er, the new activity is nw, E(n) is the recording. Based on the history,
the recording is used to identify the new activity that was initialized in the instructor stage.
This instructor holds the classification model’s precision and the least positive failure. From
this stage, the bots’ recognition is processed, providing error detection in new activity. The
recording is periodically processed for the new activity performed in this process. The
forthcoming process is used for the classification model that describes the classes and labels
for the two neural classifications mentioned above, such as precision and least positive
failure. The following equation is processed for the multi-classification in this work.

α(M) =
(
nw + o′

)
∗ ∑R(bt + nl)︸ ︷︷ ︸
Class

+ (mi − Ph) + ∏A+bt

(
o′ + mp

)︸ ︷︷ ︸
Label

(8)

The multiple classifications are introduced in the above equation, where it opts for
the classes and label, and it is described as α(M). The first derivation is the classes that
state to find the appropriate operation of the bot’s performances. Based on this, recognition
is performed to plan the task among the n-layers in the neurons. The second is the label
classification used to fix the bots’ control so they can start the operation with certain controls.
This approach perceives this detection for the robot’s operation and control detection. Thus,
multiple classifications are used in this deep neural network for precision and accuracy.
Based on these classes and labels, the classification in neural networks is performed reliably.
From this stage, the analysis is carried out for the instructor and formulated below.

Y = ∑bt
ip
(nw + R) ∗

(
Pr + L f

)
+

(
R + A

mp − Ph

)
(9)

The instructor analysis is carried out based on the input acquired from the classification
module. This method indicates the precision and least positive failure, and they are
symbolized as Pr and L f . In this process, the recognition maps the history from which the
new activities are initiated. This starting stage indicates recognition based on the mapping
of the history and provides reliable computing. The deep neural network for classification
is presented in Figure 4.

The classification using deep neural networks is a two-fold process defined by mp = 1
and mp = 0. The mapping case is to validate the understandability at any interval of M
such that A satisfies α = high case (output 1). The nw case is validated for the instructions
pursued and, thereby, to verify if α(M) is feasible. The least feasible solutions are the
α = low ≤ α < α = high in deciding the outputs. Based on α = high and unknown, the
ip = ∑(G′, S′, E′) is recognized to improve the bots o′ response. The instruction-based
validation is expelled for er under the consecutive training of the possibilities (as in Figure 3)
for α = high achievement (Refer to Figure 4). Here, this methodology indicates the bots’
control and assistance under the classification based on the training. Here, the instructor
holds the classification module’s precise and least positive failure. In this case, the training
phase is based on history and new activities and is equated in the equation below.

Th = (Ph + α) + nl − mi ∗
(
Ud + o′

)
(10)
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The training phase from the history and new activities states the task planning it
embeds with the computation time. This stage indicates the recognition of the bot’s
operation and control of the task in AI; the understandability is Ud. The deep neural
classification model is proposed for the optimization result in this training phase, and it is
described as Th. Since this indicates the precise and least positive failure in detecting the
error in bot operation. Thus, this processing step involves optimally understanding the bot’s
operation and control. This comparable validation between detection and unrecognizable
input is processed along with the understandability observed in the formulations below.

Cb =
(

Ph − mp
)
+ bt ∗ α + ∏Tr

[(R + A) ∗ D] + Ud (11)

where,
Ud = ((D + bt) ∗ R) + mp − Ph + Th (12)

Comparability and understandability rely on this paper for the efficient result under
the detection of error, and it is represented as Cb. This structural formulation provides the
classification module that indicates the mapping between task planning and the completion
time. In this case, the new activities differentiate between the recognition and unrecognition
approaches. This step indicates a better understandability link between the instructors and
the new activities. Equation (6) defines the neural classification where the instructors are
responsible for comparing and understanding the bots. In this case, the following equation
is used for the recognition based on the new activities derived below.

R(nw) =
(

A + ip
)
∗ bt
(
o′
)
+ mp − Ph(Th)− er + D (13)

In this derivation, the new activities are recognized by acquiring input from the bots
and following up on the controls. Based on this training phase, it deploys the mapping
with the history and provides the recognition. The new activities detected are recorded and
provide consistent recognition. If the recognition is imperfect, then the training phase boots
to train the particular layer obtained from the new activities. It integrates the training from
history for better recognition in the next neural layer. Thus, the bots operate on the AI, and
because of this understandability, errors are reduced. Therefore, the proposed technique is
validated using assistance response, time, and error factors.

3.2. Data Analysis

The data-based analysis of this article relies on the THU-HRIA dataset provided in (https://
ieee-dataport.org/documents/thu-hria-datasethuman-robot-interactive-action-dataset-perspective-
service-robot#files, accessed on 15 May 2024). This dataset is generated using eight different actions
of people interacting with an activity monitoring and guidance robot. The instructions are classified
based on their inputs (actions) observed between 1.5 m and 3 m range. The input duration is a
minimum of 5 s to a maximum of 20 s, requiring 576 training inputs. Based on this input, let the
actions be 8 (as given), for which nl is analyzed in Table 1.

https://ieee-dataport.org/documents/thu-hria-datasethuman-robot-interactive-action-dataset-perspective-service-robot#files
https://ieee-dataport.org/documents/thu-hria-datasethuman-robot-interactive-action-dataset-perspective-service-robot#files
https://ieee-dataport.org/documents/thu-hria-datasethuman-robot-interactive-action-dataset-perspective-service-robot#files
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Table 1. nl Analysis for Action Inputs.

Action A = 2 A = 4 A = 6 A = 8 nl

Waving 0.17 0.41 0.465 0.85 0.89
Calling 0.18 0.32 0.65 0.9 0.85
Beckon 0.21 0.42 0.52 0.95 0.82

Move Backwards 0.25 0.38 0.7 0.89 0.85
Crossing 0.23 0.45 0.65 0.92 0.81
Sliding 0.32 0.48 0.58 0.89 0.74
Speech 0.38 0.5 0.49 0.99 0.55
Smiling 0.32 0.45 0.59 0.95 0.59

Table 1 presents the nl for the varying A and actions incorporated from the dataset.
The initial ip is formulated by considering the 0′ and Ph (if any) for which the planning is
performed. The previous completion time is validated in this planning process to improve
the task processing/optimization and generate free-flow control. Under the nl , the high
input ranges experience better optimization from which 0′ is levied. This is random for
different α levels that are analyzed further. Following the above tabulation, the α with er
for the 8 actions/activities are analyzed with the least and maximum variations in Table 2.

Table 2. α and er Analysis.

Waving Calling Beckon Moving Backwards Crossing Sliding Speech Smiling

α er α er α er α er α er α er α er α er

Waving 1 0 0.8 ±0.12 0.64 ±0.101 0.58 ±0.06 0.7 ±0.08 0.85 ±0.089 0.78 ±0.97 0.74 ±0.2125

Calling 0.49 ±0.06 1 0 0.71 ±0.120 0.62 ±0.087 0.8 ±0.108 0.92 ±0.096 0.85 ±0.10 0.85 ±0.085

Beckon 0.47 ±0.084 0.85 ±0.089 1 0 0.71 ±0.098 0.6 ±0.098 0.74 ±0.098 0.91 ±0.087 0.69 ±0.087

Move
Back-
wards

0.51 ±0.097 0.52 ±0.07 0.85 ±0.089 1 0 0.54 ±0.085 0.85 ±0.123 0.48 ±0.074 0.74 ±0.134

Crossing 0.61 ±092 0.49 ±0.087 0.65 ±0.089 0.85 ±0.13 1 0 0.6 ±0.124 0.91 ±0.10 0.85 ±0.13

Sliding 0.58 ±0.84 0.52 ±0.089 0.74 ±0.096 0.49 ±0.078 0.74 ±0.085 1 0 0.85 ±0.135 0.91 ±0.14

Speech 0.48 ±0.74 0.61 0.078 0.65 ±0.106 0.48 ±0.87 0.59 ±0.139 0.9 ±0.089 1 0 0.87 ±0.098

Smiling 0.51 ±0.65 0.74 ±0.69 0.71 ±0.14 0.87 ±0.121 0.78 ±0.14 0.78 ±0.098 0.74 ±0.139 1 0

The least and maximum variation are indicated by the I symbol in the above tabulation.
Based on the A value, the coincidence of iP = A achieves α = 1 and er = 0. The nl
optimization throughout TZ and mp improves the α by classifying (excluding) mp = 0
cases. If the cases are excluded, then Y based validations are prompt in achieving high
inputs. Therefore, the response to these inputs is high enough to reduce er. This tabulation
is presented in Table 2, followed by the L f under different conditions analyzed. This
computation is referenced in Table 3.

Table 3. Lf Analyses.

Condition Case Lf

α = D − PS Precision
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Table 3. Cont.

Condition Case Lf

α = D − PS Error
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Table 3 above, the L f for different α conditions are analyzed. This involves the
precision and error scenario under the nl optimization and learning Tz. This L f is the
variant that identifies different Y and activities for which precision (of response) is to be
improved. Hence, in this case, the need for α(M) increases the chances of error reduction
with confined L f . Now, with the L f identified, R(NW) is tabulated in Table 4.

In the above Table 4, the possibilities A = ip, A ̸= ip, L f = 1 are analyzed. In these
conditions, A = ip and L f = 0 are the maximum R(Nw) generation cases. The learning
process migrates L f = 1 to L f = 0 and A ̸= ip to A = ip such that the response is
swift. Based on TZ and PZ further optimization and learning iterations are defined. As
the above factors are high, the R(Nw) increases provide new chances for input. These
measures likely represent the probabilities or occurrences of an action A being either
identical to or different from a reference or predicted action ip. This could be useful for
comparing how well the robot’s actions match or diverge from expected or desired actions,
which is critical in evaluating the accuracy and reliability of the robot’s responses. A
thorough assessment is a key component of the framework used to compare the neural
classifier with the traditional classifier. This evaluation helps identify each of the strengths
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and drawbacks. The two classifiers are trained and fine-tuned using a broad dataset,
including voice commands and gestures. Input analysis efficiency, accuracy of assistance
response, error detection rate, response time, and input detection accuracy are some of the
performance indicators that are rigorously evaluated. This study evaluates these measures
using statistical tests and visualizations and finds that the neural classifier is always more
accurate, efficient, and responsive than the traditional classifier. Furthermore, user feedback
and real-world testing demonstrate that the neural classifier offers a superior and more
fulfilling user experience. After reviewing all the data, it’s clear that the neural classifier is
the way to improve human-robot interaction in this specific scenario.

Table 4. R(Nw) Analysis.

Action A = ip A ̸= ip Lf = 1 Lf = 0 R(Nw)

Waving 0.43 0.07 0.03 0.87 0.74
Calling 0.52 0.085 0.048 0.85 0.81
Beckon 0.63 0.097 0.052 0.74 0.94

Move Backwards 0.74 0.14 0.087 0.65 0.99
Crossing 0.74 0.25 0.091 0.81 0.95
Sliding 0.85 0.32 0.2 0.64 0.58
Speech 0.91 0.41 0.44 0.56 0.64
Smiling 0.85 0.38 0.31 0.61 0.84

4. Results and Discussions

The discussion is presented as a comparative analysis using input detection, analyses,
assistance response, error detection, and response time metrics. In this comparative analysis,
the user inputs varied from 10 to 140, and the interaction time varied from 2 to 24 min. In
this comparative analysis, the proposed technique is accompanied by the LQT + RLS [31],
JISA [33], and HRC-DMP [19] methods discussed in the related works section. Inputs and
durations vary greatly because users’ preferences and technological expertise influence
their interactions with the robot. The amount of time spent interacting is greatly impacted
by the difficulty of the activities and queries. Processing and response generation for more
complicated interactions take longer than simpler tasks. All the analysis of interaction time
to understand interaction time helps optimize the robot’s responsiveness, ensuring that it
can interact with humans in a timely and efficient manner. Quick and accurate responses
are essential for a positive user experience. Table 5 shows the experimental setup.

Table 5. Experimental Setup.

Component Details

Sensors LIDAR, depth cameras, touch sensors, microphones

Processing Unit Intel Core i7 processor with 16 GB RAM for real-time processing

Motion Capture System Vicon motion capture system for tracking user gestures and movements

Operating System Robot OS (ROS) running on Ubuntu 18.04 LTS

4.1. Input Detection

The input detection for the proposed work increases for the varying robots that
perform the operation and control in AI. Here, the detection process indicates the history
of where the deep neural network is used in this work. The precise and least positive
failures are classified based on the input that has been acquired. In this stage, the new
activities are developed from the classification model by examining the comparison and its
understandability. Based on these two factors, input detection is performed by AI. Thus,
the computation step indicates the recognition of the bot’s action in AI, and based on this,
classification is performed. From the classification model, the history is acquired where it
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indicates the training. The training is based on the previous state of the process, and based
on this, the recognition is carried out accurately. This processing step recognizes the new
and the history, providing the result. Thus, the input detection is measured for human
activities and robot controls, and it is equated as

{[
(G′ + S′ + E′) ∗ ip

bt

]}
(Figure 5).
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4.2. Input Analyses

In Figure 6, the input analysis for the proposed work is enhanced for the different
training phases in history. This includes the training history of the robot action, and
based on this, the instructors are used to perform the recognition. The recognition is
followed up with the mapping method, which includes the control and operation of the
robot. Here, understandability and comparison are used to deploy the new activities,
and based on this planning task, computation time is associated with this bot’s action.
The task completion within the required period is associated with finding the error; from
this, history is associated with the mapping. The mapping is used to determine whether
the new activities match the past ones; from this, the completion time is associated with
the understandability. Understandability is based on recognition developed for multiple
classifications, including classes and labels. In this analysis, the training is used to find the
new activities, and based on this, the instructors are developed, and it is represented as(

1 + R+A
∑Ph

(nl+mi)

)
.
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4.3. Assistance Response

The assistance response is higher if the correct planning is executed in this work and
better training optimization is provided. Here, the training phase includes the history
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of the instructors associated with the human-assisting robots. This recognition process
indicates the precise and least positive failure that deploys the new activities, and based on
this, AI optimization is carried out appropriately. In this manner, assistance response is
improved for training optimization, and it is formulated as

[(
(nl+mi)
(D+bt)

)
+
(

R/Ph
mp−bt

)]
. The

recognition is carried out from the history, and the task planning is used to perform better
bot operations. Here, task planning and computation time are used to estimate the better
classification among the precise and least positive failures. In this stage, acquiring the
input for the human assisting response is equated as

(
ip + bt

)
∗
(

(Tr+o′)
∑R(nl+mi)

)
. Thus, the

assistance response for the proposed work increases for task completion in the mentioned
period. By deploying human activity for the new task, the classification and the response
are improved accurately (Figure 7).

Mathematics 2024, 12, x FOR PEER REVIEW 16 of 21 
 

 

Figure 6. Input Analyses. 

4.3. Assistance Response 
The assistance response is higher if the correct planning is executed in this work and 

better training optimization is provided. Here, the training phase includes the history of 
the instructors associated with the human-assisting robots. This recognition process indi-
cates the precise and least positive failure that deploys the new activities, and based on 
this, AI optimization is carried out appropriately. In this manner, assistance response is 
improved for training optimization, and it is formulated as  ൤ቀ(௡೗ା௠೔)(஽ା௕೟) ቁ + ൬ ோ ௉೓⁄௠೛ି௕೟൰൨ . The 

recognition is carried out from the history, and the task planning is used to perform better 
bot operations. Here, task planning and computation time are used to estimate the better 
classification among the precise and least positive failures. In this stage, acquiring the in-
put for the human assisting response is equated as ൫𝑖௣ + 𝑏௧൯ ∗ ቀ ൫ ೝ்ା௢ᇲ൯∑ (௡೗ା௠೔)ೃ ቁ. Thus, the assis-
tance response for the proposed work increases for task completion in the mentioned pe-
riod. By deploying human activity for the new task, the classification and the response are 
improved accurately (Figure 7). 

  
Figure 7. Assistance Response. 

  

Figure 7. Assistance Response.

4.4. Error Detection

In Figure 8, the error detection is reduced if the recording of new activities is associated
with recognizing the bot’s operations and control. This is based on the processing history
and involves the classification model. The classification model indicates the comparable
validation between the detection and unrecognition of the particular task. In this category,
task planning provides better multiple classifications distributed as class and label. From
this classification, it invokes the instructors by fetching the input from the bot control.
This approach reduces the error detection stage if the precise and least positive failure
is associated with the new activities. Here, it is associated with the planning task and
classification model, and from this, the history is used to map the present process. Thus, the
validation process is used to optimize AI by using a deep neural network. The completion
time for the assigned task is used to produce a better output with less error, and it is
represented as ((D + bt) ∗ R) + mp.
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4.5. Response Time

The response time decreases for the human-assisting robots that deploy the training
optimization. The recognition of this activity indicates the planning task and completion
time. In this case, the understandability of robot control and operations is used to increase
the precision of the classification model. By deploying this optimization in AI, the response
time from the robot is decreased. In this manner, the least positive failure is addressed by the
classification model, and the necessary steps are taken to avoid it in the forthcoming process.
The human-assisting robots are run by recognizing the error factor from the instructors,
where the new activities are detected from the history. The mapping is performed with the
current method and provides the understandability of the robot, and it is formulated as
∑A (bt + R) ∗ mp − Ph + (R ∗ bt(o′)). This processing step indicates the recognition stage of
bots and control optimized in this neural network. Thus, the bot’s operation is performed
by recognizing the error from the recorded new activity and ensuring the response time
is reduced (Figure 9). The findings of the above discussion are summarized in Table 5 (#
Inputs) and Table 6 (Interaction Time).

Mathematics 2024, 12, x FOR PEER REVIEW 18 of 21 
 

 

  
Figure 9. Response Time. 

Table 6. Findings for # Inputs. 

Metrics LQT + RLS JISA HRC-DMP CIAT Findings 
Input Detection (%) 89.09 91.47 93.44 95.698 8.73% High 

Input Analyses 0.914 0.936 0.9205 0.9798 11.26% High 
Assistance Response (%) 82.87 88.88 92.73 94.274 12.23% High 

Error Detection (%) 43.98 52.98 64.97 74.277 10.15% High 
Response Time (s) 0.224 0.184 0.146 0.1091 6.81% Less 

As shown in Tables 6 and 7, the input detection measure evaluates the accuracy with 
which the system recognizes and processes user inputs from different interactions. It is 
calculated by dividing the total inputs by the proportion of accurate detections. The input 
detection rate of a system would be 92% if, out of 100 input directions, it could successfully 
identify 92% of them. This statistic directly impacts interaction and efficiency, which is 
vital for comprehending the system’s ability to discern user commands or gestures. Met-
rics for input analyses measure how well the system handles and understands the de-
tected inputs. It measures the system’s intelligence in interpreting data and drawing con-
clusions. The measure is often shown as a normalized value, where larger values imply 
greater performance. The range of possible values is 0 to 1. A rating of 0.95, for example, 
indicates that the system’s input analysis is accurate and efficient. This is crucial to ensure 
the system gets the user’s intent right and reacts properly. One measure of assistance re-
sponse is the proportion of suitable and accurate responses given by the system in re-
sponse to the inputs that have been examined. It shows how closely the results produced 
by the system match the requirements or wishes of the user. For example, the system’s 
help response rate would be 85% if it correctly responded to 85 out of 100 user inputs. 
This indicator is essential for measuring how well the system helps users and ensuring 
the answers are relevant and valuable. The error detection metric measures the system’s 
capacity to identify mistakes in the incoming data or its own responses. It is the proportion 
of mistakes that the system identified as a percentage of all errors accurately. For example, 
the system’s error detection rate would be 70% if it correctly found 70% of the faults. Since, 
it aids in finding and fixing errors, boosting overall system performance, and gaining user 
confidence, high error detection is critical for keeping systems reliable. This statistic 
measures how long it takes for the system to respond to a user’s input, measured in sec-
onds. It encompasses the time it takes for the system to react after receiving an input. A 
response time of 0.2 s indicates, for example, that the system requires 0.2 s to reply to a 
command given by the user. Ensuring users get feedback and help quickly is essential for 
an easy and smooth reaction experience, so response times should be kept to a minimum. 

  

Figure 9. Response Time.



Mathematics 2024, 12, 2500 18 of 21

Table 6. Findings for # Inputs.

Metrics LQT + RLS JISA HRC-DMP CIAT Findings

Input Detection (%) 89.09 91.47 93.44 95.698 8.73% High
Input Analyses 0.914 0.936 0.9205 0.9798 11.26% High

Assistance Response (%) 82.87 88.88 92.73 94.274 12.23% High
Error Detection (%) 43.98 52.98 64.97 74.277 10.15% High
Response Time (s) 0.224 0.184 0.146 0.1091 6.81% Less

As shown in Tables 6 and 7, the input detection measure evaluates the accuracy with
which the system recognizes and processes user inputs from different interactions. It is
calculated by dividing the total inputs by the proportion of accurate detections. The input
detection rate of a system would be 92% if, out of 100 input directions, it could successfully
identify 92% of them. This statistic directly impacts interaction and efficiency, which is
vital for comprehending the system’s ability to discern user commands or gestures. Metrics
for input analyses measure how well the system handles and understands the detected
inputs. It measures the system’s intelligence in interpreting data and drawing conclusions.
The measure is often shown as a normalized value, where larger values imply greater
performance. The range of possible values is 0 to 1. A rating of 0.95, for example, indicates
that the system’s input analysis is accurate and efficient. This is crucial to ensure the system
gets the user’s intent right and reacts properly. One measure of assistance response is the
proportion of suitable and accurate responses given by the system in response to the inputs
that have been examined. It shows how closely the results produced by the system match
the requirements or wishes of the user. For example, the system’s help response rate would
be 85% if it correctly responded to 85 out of 100 user inputs. This indicator is essential for
measuring how well the system helps users and ensuring the answers are relevant and
valuable. The error detection metric measures the system’s capacity to identify mistakes in
the incoming data or its own responses. It is the proportion of mistakes that the system
identified as a percentage of all errors accurately. For example, the system’s error detection
rate would be 70% if it correctly found 70% of the faults. Since, it aids in finding and
fixing errors, boosting overall system performance, and gaining user confidence, high error
detection is critical for keeping systems reliable. This statistic measures how long it takes
for the system to respond to a user’s input, measured in seconds. It encompasses the time it
takes for the system to react after receiving an input. A response time of 0.2 s indicates, for
example, that the system requires 0.2 s to reply to a command given by the user. Ensuring
users get feedback and help quickly is essential for an easy and smooth reaction experience,
so response times should be kept to a minimum.

Table 7. Findings for Interaction Time.

Metrics LQT + RLS JISA HRC-DMP CIAT Findings

Input Detection (%) 92.68 94.45 97.04 99.374 9.3% High
Input Analyses 0.929 0.945 0.962 0.9915 9.23% High

Assistance Response (%) 82.49 88.34 90.11 93.668 13.38% High
Error Detection (%) 45.76 54.2 66.4 74.102 9.32% High
Response Time (s) 0.228 0.182 0.143 0.1029 7.38% Less

5. Conclusions

Robotic systems for human assistance in public and personal applications are incom-
parable, so a prompt assessment technique was introduced. The technique introduced in
this manuscript was intended to improve the robot system’s understandability regardless
of different input forms. The thorough classification and assessment of the input optimized
the cooperative control for human assistance with the highest possible instruction detec-
tion. The inputs are analyzed using neural classification to identify the highest possible
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instruction input with fewer assessments. The robot system was trained using previous
instructions and assistance activities pursued with human input histories. The problem of
unrecognizable inputs was a time-consuming assessment in this technique that is differenti-
ated using the neural classifier. Thus, precision input and comparable validations to reduce
understandability were pursued in this technique. Modern neural classifiers and real-time
learning methods have the potential to enhance human-robot interactions greatly. The
result is more natural, intuitive, and effective interaction, making robots more useful and
acceptable for daily tasks. Robots may be made to work consistently in constantly changing
and unexpected situations if this model builds systems to identify and handle errors well
and use adaptive learning in real-time. This enhances the reliability and trustworthiness
of robotic systems in critical applications. In the medical field, robots can keep an eye on
patients and help the elderly; in the classroom, they can provide individualized lessons and
aid students with special needs; in retail and public service, they can improve customer
service; at home, they may sweep, vacuum, and communicate with residents; at work, they
can increase efficiency; and in entertainment, they can participate in interactive games and
fitness programs. This multi-disciplinary study advances HRI technologies by combining
computer vision, natural language processing (NLP), and cognitive science; its solutions im-
prove people’s lives and make various operations more efficient. As a result, the proposed
technique was found to reduce response time by 6.81%, improve input detection by 8.73%,
and provide assistance by 12.23% under varying inputs. Future work will utilize edge
computing to process data locally on the robot, reducing latency, improving responsiveness,
and implementing distributed systems to handle computationally intensive tasks.
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