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Intelligent industrial robots rely significantly on accurate vision and autonomous decision-making to do 

high-performance tasks. Embedded systems, compact, real-time computer units, have become critical for 

delivering these capabilities, especially in resource-constrained industrial environments. Despite their 

advantages, embedded systems meet obstacles such as high computational cost, overfitting, and 

inadequate parameter tuning, which impede real-time performance and generalizability in dynamic 

industrial environments. The purpose of this research is to develop an embedded neural network 

framework that has been tuned using metaheuristic algorithms to increase the precision of robotic vision 

and the effectiveness of decision-making while considering available resources. Multimodal data (vision, 

force, and proximity) are acquired from industrial environments. Raw data is cleaned and normalized 

using min-max scaling. Principal Component Analysis (PCA) is used to extract statistical and 

geographical characteristics, reducing dimensionality. This research proposes an Intelligent Walrus 

Optimizer Fused Feed-forward Neural Network (IntWO-FFNet) to enhance the accuracy, efficiency, and 

adaptability of industrial robots by enabling intelligent perception and decision-making on embedded 

systems. An FFNet is used on the embedded system to identify environmental inputs and forecast task-

specific behaviors. The FFNet is fine-tuned with IntWO to improve learning rates, weight initialization, 

and hidden layer configurations for less error and faster convergence. The proposed method was 

implemented using Python 3.10.1. The proposed IntWO-FFNet approach performs better than multimodal 

baseline architectures, achieving superior results, with accuracy ranging from 95% to 99%. Integrating 

neural networks with optimization approaches into embedded systems dramatically improves real-time 

robotic perception and decision-making, providing intelligent automation aligned with industrial robots. 

The dataset contains 10,214 multimodal samples across five task classes (pick, place, weld, idle, 

interaction) and five industrial object types. All experiments were executed on a simulated embedded 

environment (Raspberry-Pi–equivalent ARM setup) using Python 3.10.1, with evaluation performed using 

stratified train–validation–test splits. Performance was benchmarked against the BIIRCS baseline model, 

where the proposed IntWO-FFNet achieved 96.3% accuracy, 9.8% RMSE, and 97.5% task-coverage rate. 

Povzetek: Raziskava predstavlja izboljšan vgradni nevronski sistem, ki poveča natančnost in učinkovitost 

industrijskih robotov pri zaznavanju in odločanju. 

 

1 Introduction 

The embedded systems have fundamentally 

revolutionized the field of industrial automation, 

producing robots with pre-programmed equipment for 

making adaptive decisions [1]. Modern industrial robots 

rely on embedded systems that feature dedicated 

functionality, real-time capabilities, and low power 

consumption. Intelligent perception makes an industrial 

robot sensitive to reality, interpretative of its sensations, 

and dynamically responsive to industrial situations that 

were unstructured and complicated [2]. The incorporation 

of powerful embedded vision systems has led to industrial 

robots harnessing the capabilities of cameras, LiDAR, 

ultrasonic sensors, and proximity sensors to gather multi-

modal information by embedded processors using 

advanced algorithms to identify objects and detect 

obstacles [3]. Embedded systems integrated the industrial 

robots to deal with energy efficiency, thermal control, and 

cyber-physical security for highly demanding tasks [4]. 

Robots utilize low-power embedded processors, 

advanced power management schemes, and hardware 
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enforcement of Artificial Intelligence (AI) workloads to 

ensure high performance without excessively consuming 

electricity and other operational expenses. The 

incorporation of secure modules and encrypted protocols 

can protect the integrity of data, safeguard against 

unauthorized interference, and address the emerging 

concerns of industrial surveillance and cyber-capable 

systems in the manufacturing enterprise [5]. The 

Industrial Internet of Things (IIoT) and other embedded 

networking developments have made it possible to use 

huge volumes of sensor data by industrial robots to enable 

predictive maintenance and maximum performance of the 

robots [6].  

Embedded systems and their integration with cloud-based 

analytics and digital twins expand the capabilities of 

industrial robots by offering a feedback loop of real-world 

data that can continually update virtual models used for 

simulation and proactive decision support [7]. Embedded 

systems make it possible to deploy lightweight, high-

performance AI and machine learning (ML) models to the 

robot, which enables real-time analysis of sensory data 

without connecting to remote servers or a cloud vendor 

infrastructure [8]. Embedded systems played an essential 

role in the decision-making performance of the industrial 

robot because they enable contextual interpretation of 

data, autonomous route planning, task scheduling, and 

dynamic control of robots. The real-time operating 

systems (RTOS) of embedded systems and edge 

computing were integrated into robots for computing 

power, planning, and scheduling activities [9]. Embedded 

systems make communication and interoperability 

between robots and other cyber-physical systems of the 

industrial ecosystem through regularities like Ethernet, 

Profinet, wireless standards, and Wi-Fi to conduct 

distributed intelligence and collaborative decision-

making in the smart production cells [10]. Embedded-

based AI applications were difficult to monitor, debug, 

and update after deployment at industrial locations. 

The objective of this research is to create a revolutionary 

Intelligent Walrus Optimizer Fused Feed-forward Neural 

Network (IntWO-FFNet) approach to enhance the 

perception accuracy and decision-making efficiency of 

industrial robots. The suggested approach is used to 

optimize robotic perception and autonomous decision-

making on real-time performance within resource-

constrained embedded systems. The key contributions of 

this research are as follows,  

 

• Dataset Collection: An Industrial robot sensor 

dataset was collected from Kaggle. Robots carry 

out different tasks, including placing, picking, 

and welding, while interacting with various 

mechanical components.  

• Data Pre-Processing and Feature Extraction:  

Min-max scaling was used to standardize and 

clean raw data. To reduce dimensionality 

features by extracting PCA. 

• Optimized Classification Model: The IntWO-

FFNet approach was developed to optimize 

learning rates, weight initialization, and network 

configurations for accurate and efficient task 

prediction on robotic embedded systems. 

• Real-Time Results: The simulation results 

evaluate the accuracy, RMSE, and coverage task 

rate for enhancing real-time industrial robotic 

applications.  

The remaining research consists of a literature review on 

embedded perception and decision-making in industrial 

robotics, methodology (data pre-processing, feature 

extraction, and IntWO-FFNet model development), and 

experimental results highlighting superior metrics. The 

conclusion emphasizes real-time perception, robust 

decision-making, and real-time applicability of the 

IntWO-FFNet model.   Although numerous embedded 

robotic models have been developed, most suffer from 

high computational overhead, limited multimodal 

processing capability, or latency constraints that restrict 

real-time deployment on CPU-only embedded boards. 

This motivates the need for a lightweight, optimization-

driven architecture such as IntWO-FFNet that can deliver 

high accuracy while satisfying embedded resource limits. 

 

2  Related works 
The robots' usage has grown in popularity to handle 

artificial things. This has led to the creation of the agnostic 

robotic paradigm (ARP). The ARP was used for the 

flexible robotic automation system, and resource 

synchronization for the Industrial Internet of Things 

(IIoT) [11]. Robotic enterprise classifications' 

sustainability and efficiency were largely dependent on 

the accessibility of data with infrastructure. According to 

the findings, a cloud platform develops an ARP 

framework used for IIoT support for both the operation 

and management levels.  

The IIoT system was used to examine the difficult failure 

prediction challenge in process industries that use 

autonomous and intelligent cyber-physical systems (CPS) 

[12]. A temporal convolution-based classification model 

with a decay effect was used for multi-class classification 

to identify and locate the faults. The network's overall 

capability was used to reduce the prediction of the 

cumulative uncertainty reduction network (CURNet). The 

outcome demonstrated that CURNet outperforms the 

prediction of fault types. A summary of related works on 

embedded systems and decision-making of industrial 

robots was illustrated in Table 1.   
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Table 1: Summary of literature review on embedded systems and decision-making of industrial robots  

 

Ref Technology Used Objective Result Challenges 

[13]  Deep Learning (DL), 

Cloud-Edge-Device 

Collaboration, 

Cloud manufacturing 

framework used to 

enable smart industrial 

robots 

Supports smart 

collaborative decision-

making with detailed 

mechanisms  

Balancing real-time 

response, data sources, 

and processing location  

[14] AI, Microcontrollers Develop a digital twin 

prototype to simulate 

and optimize robotic 

systems 

Improved decision-making, 

lifecycle management, 

monitoring, and control of 

robots in changing contexts 

Handling real-time 

tracking and ensuring 

seamless physical-

virtual integration 

[15] DL, Embedded 

Devices,  

Object detection 

models for robotic 

applications on 

embedded platforms 

Hardware guidelines and 

feasibility shown for 

embedded object detection 

High computational 

cost and limited 

embedded hardware  

[16] Neural Networks, 

Industry, Data 

Synthesis 

Demonstrates DL use 

in retrofitting old 

robots for object 

detection 

Older machines made 

smarter and more efficient 

at low cost 

Robots lacked ML 

capability; adapting 

legacy systems 

[17] Multi-task Learning, 

Self-Attention Neural 

Network,  

Design embedded 

multi-task robotic 

systems 

Highest accuracy Balancing multitask 

performance with 

embedded inference  

[18] Compact 

Transformer 

Networks 

To diagnose 

compound faults 

accurately in industrial 

environments 

High fault diagnosis 

accuracy with smaller 

models & real-world test 

validation 

Mixed, weak failure 

features in noisy 

settings; high costs of 

large models 

[19] Reinforcement 

Learning 

Improve target 

recognition in complex 

environments 

Better quality and higher 

recognition accuracy for 

intelligent robots 

Complex scenarios, 

massive noisy data, 

and irregular target 

distributions 

[20] Blockchain, Smart 

Contracts 

To enable secure 

multi-robot 

collaboration 

Superior performance 

under network partitions; 

low computational load 

Scalability and 

deployment challenges 

in real-world networks 
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Table 1(b): Comparison of state-of-the-art embedded robotic models 

Ref Method / Model 
Primary 

Application 

Accuracy 

(%) 

Latency 

per 

Inference 

(ms) 

Embedded 

Resource 

Consumption 

Limitations Compared to 

IntWO-FFNet 

[13] 

Cloud–Edge–

Device DL 

Collaboration 

Framework 

Smart industrial 

robots for mass 

personalization 

92.0 > 90 ms 
High (cloud + 

edge GPU) 

Relies on cloud; high 

latency; unsuitable for real-

time embedded-only 

operation 

[15] 

Embedded Deep-

Learning Object 

Detection Models 

Real-time object 

detection on 

embedded 

platforms 

90.0–93.0 60–80 ms Moderate–High 

Vision-only; no 

multimodal fusion; not 

optimized for decision-

making tasks 

[16] 

Retrofit DL Object 

Detection for 

Legacy Robots 

SCARA/legacy 

robot visual 

perception 

91.5 70–85 ms Moderate 

Focuses on perception 

only; no embedded 

decision-making 

optimization 

[17] 

Fast GraspNeXt / 

Multi-Task Self-

Attention Networks 

Robotic grasping; 

multi-task computer 

vision on the edge 

93.0–95.0 55–75 ms 

High (edge 

GPU/TPU 

required) 

High accuracy but 

computationally heavy; 

unsuitable for low-power 

CPUs 

[18] 

Dual-Transformer 

Fault-Diagnosis 

Network 

Fault diagnosis for 

industrial robots 
94.0 > 100 ms 

High (large 

memory & 

compute) 

High complexity; slow 

inference; not designed for 

real-time control 

[21] 

BIIRCS (Bio-

Inspired Intelligent 

Industrial Robot 

Control System) 

Task-level robot 

control using bio-

inspired 

optimization 

95.4 65–80 ms Moderate 

Higher RMSE, lower 

coverage rate; limited 

multimodal sensor 

utilization 

— 
IntWO-FFNet 

(Proposed) 

Embedded 

multimodal 

perception & 

decision-making 

96.3 < 50 ms 

Low–Moderate 

(CPU-only 

feasible) 

Higher accuracy, lower 

RMSE, improved 

coverage; explicitly 

optimized for real-time 

embedded deployment 

The limitations identified across these state-of-the-art 

methods—particularly their dependence on high-compute 

hardware, restricted multimodal fusion, and suboptimal 

latency—highlight the need for an embedded-friendly 

solution. This gap directly motivates the development of 

the proposed IntWO-FFNet framework, which combines 

multimodal learning with metaheuristic optimization to 

achieve real-time, resource-efficient robotic decision-

making. 

2.1 Problem statement  
Current advancements in embedded neural networks and 

metaheuristic optimization have significantly improved 

robotic perception and decision-making. Nevertheless, 

several vital limitations exist in the current literature that 

often struggles to effectively handle complex multimodal 

industrial data and real-time performance in resource-

constrained embedded environments.  For example, the 

ARP-based IIoT framework achieves only ~92% 

perception accuracy with average inference latencies 

above 85 ms, making it unsuitable for real-time 

responsiveness. CURNet, although effective for fault 

prediction, requires >120 ms inference time and large 

GPU memory, limiting deployment on low-power 

embedded boards. Existing embedded detection models 

such as MobileNet-Edge variants report 90–93% 

accuracy on industrial object datasets but degrade under 

multimodal noise. 

• The ARP framework permits flexible robotic and 

automation of facilities, but it lacks certain 

issues on scaling and integrating heterogeneous 

devices of robots distributed across industrial 

landscapes [11]. Cloud platforms might create 
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latency challenges that could impair the real-

time coordination of robotic resources. This 

framework lacks the responses of 

standardization and were interrupted during 

different robotic systems. 

• Object detection models consequences without 

architectural optimizations that apply to robotic 

workloads [12]. It presented some guidelines 

regarding the selection of hardware, and it never 

provided a detailed discussion regarding the 

trade-offs between energy efficiency, processing 

speed, and accuracy of the detection of real-

world robotic situations.  

To overcome these issues, the suggested approach, 

IntWO-FFNet is used to enhance industrial robot 

performance by intelligently perceiving and responding to 

complex environments in real time. By leveraging FFNet 

and adaptive hyperparameter tuning, IntWo, the system 

improves perception accuracy, faster decision-making, 

and efficient resource usage, supporting robust 

automation in dynamic industrial environments.     

 

3  Proposed methodology   
An Industrial robot sensor dataset was collected from 

Kaggle. Min-max scaling was used to clean and 

standardize the raw data. Principal Component Analysis 

(PCA) reduces the dimensionality by extracting 

geographical and statistical features. By facilitating 

intelligent perception and decision-making on embedded 

systems, IntWO-FFNet was utilized to improve the 

effectiveness and flexibility of industrial robots. Figure 1 

illustrates the overall process of embedded classifications 

in the decision-making of industrial robots. 

 

 
 

Figure 1: Overall flow of the decision making on 

industrial robots 

 

 

3.1 Dataset 

An Industrial robot sensor and vision fusion dataset was 

collected from Kaggle. This dataset was collected from 

real industrial environments with different operating 

conditions of robots. During task execution, it records 

multimodal data such as optical observations and sensor 

readings. Robots carry out tasks including placing, 

picking, and welding while interacting with various 

mechanical components. This dataset accurately depicts 

real-world circumstances, including variations in 

temperature, pressure, and closeness to external factors. 

The combination of sensor and visual data facilitates 

sound automated decision-making. This dataset was well 

suited for ensuring real-time robotic behavior analysis, 

task monitoring, and perception-based categorization. 

Source: 

https://www.kaggle.com/datasets/zoya77/industrial-

robot-sensor-and-vision-fusion-dataset 

 

3.1.1 Experimental protocol 

The original industrial robot sensor and vision fusion 

dataset contains 10,000+ multivariate samples. Each 

sample aggregates synchronized readings from vision 

(RGB features extracted from frames), force (Fx, Fy, Fz), 

and proximity (distance-to-object, contact state), along 

with contextual variables such as object type (cylinder, 

gear, panel, bearing, valve) and task label (pick, place, 

weld, idle). 

For this study, all invalid or incomplete records were 

removed, resulting in 10,214 usable samples. The dataset 

was then stratified by task label and split into three 

disjoint subsets: 

- 70% for training the IntWO-FFNet model, 

- 15% for validation during IntWO-based 

hyperparameter optimization, and 

- 15% for final testing. 

To reduce sampling bias, the split was performed with 

stratification so that each task class preserved 

approximately the same proportion in train, validation, 

and test sets. All reported performance metrics 

(accuracy, RMSE, and coverage task rate) are computed 

on the held-out test set after the IntWO optimization 

converges. 

 

3.2 Data preprocessing using Min-Max 

scaling 

Min–max scaling was applied to normalize all sensor 

features into the [0, 1] range, ensuring uniform magnitude 

across modalities and improving FFNet training stability. 

Each raw value (𝑋𝑗) is transformed using Equation (1): 

𝑋𝑗
′ = (

𝑋𝑗−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
)                                                       (1) 

Here, (𝑋𝑚𝑖𝑛)𝑎𝑛𝑑(𝑋𝑚𝑎𝑥)  the minimum and maximum 

values of the feature (𝑋)  across the dataset, (𝑋𝑗)is the 

https://www.kaggle.com/datasets/zoya77/industrial-robot-sensor-and-vision-fusion-dataset
https://www.kaggle.com/datasets/zoya77/industrial-robot-sensor-and-vision-fusion-dataset
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original value, and (𝑋𝑗
′)  is the normalized value in 

([0,1]). This linear rescaling preserves relative distances 

between samples while preventing features with larger 

scales from dominating the optimization. 

 

3.3 Feature extraction using PCA  

PCA transforms intricate sensor data by pinpointing the 

most meaningful components to simplify the data into a 

lower dimension, a technique that usually enables 

embedded processors to perform tasks on large amounts 

of data with computing requirements. PCA was applied to 

the normalized sensor features to reduce dimensionality 

while retaining the majority of variance. Given the zero-

mean feature matrix Z ∈ ℝ^{N×d}, the covariance matrix 

Σ = (1/(N−1)) Zᵀ Z was computed and eigen-decomposed. 

The eigenvectors associated with the largest eigenvalues 

were selected, forming a projection matrix P. Each 

original feature vector z was then projected as z ̃= Pᵀ z, 

yielding a compact representation that preserves the 

dominant variance directions and is computationally 

efficient for embedded inference. In our experiments, we 

retained the top 25 principal components, which preserve 

approximately 95% of the total variance. This choice 

provides a good balance between information retention 

and reduced dimensionality, ensuring that embedded 

inference remains fast while keeping the most 

discriminative multimodal patterns. 

 

3.4 Intelligent Walrus Optimizer Fused Feed-

forward Neural Network (IntWO-FFNet) 
 

The proposed IntWO-FFNet framework combines a feed-

forward neural network (FFNet) with the Intelligent 

Walrus Optimizer (IntWO) to achieve accurate, low-

latency decision-making on embedded hardware. Let z ∈ 

ℝ𝑑  denote the input feature vector obtained after 

preprocessing and PCA, and let y be the corresponding 

task label. 

 

The FFNet implements a nonlinear mapping: 

𝑓𝐹𝐹𝑁𝑒𝑡: ℝ𝑑 → ℝ𝐾 

that predicts K task classes. All trainable weights and 

biases of the FFNet are denoted collectively by θ. Given 

training samples (𝑧𝑖 , 𝑦𝑖), the objective is: 

 

𝜃 ∗= 𝑎𝑟𝑔𝑚𝑖𝑛𝜃(1/𝑁)𝛴𝑖=1
𝑁 ℒ(𝑓𝐹𝐹𝑁𝑒𝑡(𝑧𝑖; 𝜃), 𝑦𝑖) 

 

IntWO searches for the optimal 𝜃 ∗ in a high-dimensional 

parameter space. At runtime, the robot receives a new 

sensor feature vector 𝑧𝑡and generates a decision: 

 

 𝑢𝑡 = 𝑓𝐹𝐹𝑁𝑒𝑡(𝑧𝑡; 𝜃 ∗) 

 

This decision is passed to the robot control function C(·), 

which accounts for embedded feedback 𝐹𝑡: 

 

𝑅𝑜𝑏𝑜𝑡𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑂𝑢𝑡𝑝𝑢𝑡𝑡 = 𝐶(𝑢𝑡 , 𝐹𝑡) 

 

Thus, IntWO performs offline hyperparameter/weight 

optimization, while FFNet performs real-time inference 

on the embedded device. 

 

3.4.1 Feed-forward Neural Network (FFNet) 

In this work, the FFNet acts as a lightweight classifier that 

maps the PCA-compressed sensor feature vector z ∈ ℝ𝑑to 

K task classes. The network consists of an input layer of 

size d, one or two hidden layers with nonlinear activation 

functions, and an output layer of size K with softmax 

activation. 

 

Let W¹ and b¹ denote the weight matrix and bias vector of 

the hidden layer, and W² and b² denote the corresponding 

output layer parameters. For an input z, the computations 

are: 

ℎ = 𝑡𝑎𝑛ℎ(𝑊1𝑧 + 𝑏1) 

ŷ = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊2ℎ + 𝑏2) 

All parameters are grouped as 𝜃 = 𝑊1, 𝑏1, 𝑊2, 𝑏2. 

Training minimizes the cross-entropy loss: 

ℒ(𝜃) = −(1/𝑁)𝛴𝑖=1
𝑁 𝛴𝑘=1

𝐾 𝑦𝑖,𝑘𝑙𝑜𝑔(ŷ𝑖,𝑘) 

This loss is the objective function minimized by IntWO 

during optimization. 

 

 
Figure 2: Architecture of FFNet 

 

3.4.2 Intelligent Walrus Optimizer (IntWO) 

IntWO is a population-based metaheuristic that searches 

for the optimal FFNet parameters 𝜃 ∗. Each walrus 

represents a candidate solution 𝜃(𝑖), i = 1,…,M. Its fitness 

equals the FFNet training loss: 

𝑓𝑖𝑡𝑛𝑒𝑠𝑠(𝜃(𝑖)) = ℒ(𝜃(𝑖)) 
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Let 𝜃𝑏𝑒𝑠𝑡(𝑡)denote the best solution at iteration t. The 

migration-based update rule is: 

  𝜃(𝑖)(𝑡 + 1) = 𝜃(𝑖)(𝑡) 

+𝛼 · 𝑟1 · (𝜃𝑏𝑒𝑠𝑡(𝑡) − 𝜃(𝑖)(𝑡)) 

+𝛽 · 𝑟2 · (𝜃𝑟𝑎𝑛𝑑(𝑡) − 𝜃(𝑖)(𝑡)) 

where 𝑟1 , 𝑟2 ∈ [0,1]are random factors. 

Opposition-Based Learning (OBL) enhances exploration: 

 

𝜃𝑜𝑝(𝑖) = 𝜃𝑚𝑖𝑛 + 𝜃𝑚𝑎𝑥 − 𝜃(𝑖) 

 

The better of 𝜃(𝑖)𝑎𝑛𝑑𝜃𝑜𝑝(𝑖) is retained. A Modified 

Search Strategy (MSS) introduces local refinement: 

  𝜃(𝑖)(𝑡 + 1) = 𝜃(𝑖)(𝑡 + 1) + 𝛾 · 𝒩(0, 𝐼) 

Iterations continue until convergence, and the final 𝜃 ∗ is 

selected for FFNet deployment. 

Algorithm 1: Training FFNet using the Intelligent 

Walrus Optimizer (IntWO) 

Input: Dataset D = {(z_i, y_i)}, population size M, max 

iterations T 

Output: Optimized FFNet parameters θ* 

 

1. Initialize FFNet parameters randomly to form M walrus 

candidates {θ^(1), …, θ^(M)}. 

2. For each walrus θ^(i): 

       Compute fitness f(θ^(i)) = 𝓛(θ^(i)). 

3. For t = 1 to T do: 

       a. Identify current best solution θ_best(t) 

       b. For each walrus θ^(i): 

              // Migration update 

              θ^(i) ← θ^(i) + α·r₁·(θ_best − θ^(i)) + 

β·r₂·(θ_rand − θ^(i)) 

              // Generate opposite candidate 

              θ_op^(i) = θ_min + θ_max − θ^(i) 

              // Select better 

              If f(θ_op^(i)) < f(θ^(i)), then θ^(i) = θ_op^(i) 

              // Local refinement (MSS) 

              θ^(i) ← θ^(i) + γ·𝓝(0, I) 

              Recompute fitness f(θ^(i)) 

4. Return θ* = best-performing θ^(i). 

 

4  Results and discussions 
Experimental data indicate that the suggested model, 

IntWO-FFNet, enhances robotic perception and decision-

making in industrial environments. The stability of the 

model behavior was explained by IntWO and FFNet to 

enhance learning behavior, learning rates, and hidden 

layer configurations. These findings prove that it was 

effective in achieving higher classification accuracy, 

faster convergence, and making it well-suited for real-

time, resource-constrained embedded robotic 

applications. Table 2 illustrates the simulation 

parameters. 

Table 2: Simulation parameters 

𝑷𝒂𝒓𝒂𝒎𝒆𝒕𝒆𝒓𝒔 𝑽𝒂𝒍𝒖𝒆𝒔 

𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝐸𝑝𝑜𝑐ℎ𝑠 75 

𝐵𝑎𝑡𝑐ℎ 𝑆𝑖𝑧𝑒 32 

𝐿𝑒𝑎𝑟𝑛𝑖𝑛𝑔 𝑅𝑎𝑡𝑒  0.001 

𝑆𝑒𝑛𝑠𝑜𝑟𝑠 𝑈𝑠𝑒𝑑 𝑉𝑖𝑠𝑖𝑜𝑛, 𝐹𝑜𝑟𝑐𝑒, 𝑃𝑟𝑜𝑥𝑖𝑚𝑖𝑡𝑦 

𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛𝑎𝑙𝑖𝑡𝑦 𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑃𝐶𝐴 

𝐼𝑛𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝐿𝑖𝑚𝑖𝑡 𝑝𝑒𝑟 𝑆𝑎𝑚𝑝𝑙𝑒 <  50 𝑚𝑠 

𝐷𝑎𝑡𝑎𝑠𝑒𝑡 𝑆𝑎𝑚𝑝𝑙𝑒𝑠 10,000 + 

4.1 Experimental system  
The experimental system was executed using Python 

3.10.1 to realize the proposed method. This Python 

version was selected for its compatibility and improved 

performance over previous versions. The setup ensures an 

accurate assessment of multimodal industrial data, real-

time perception, and decision-making, meeting the 

demands of dynamic industrial automation environments. 

 

4.2 Performance assessment of the suggested 

method 
A classification model's assessment was evaluated by 

using a confusion matrix. The overall effectiveness of the 

model was provided by this matrix. It also aids in 

identifying places where the model has to be improved 

and where errors exist. It displays both the True and 

Predicted labels for several categories. It assists in 

figuring out the system's operational efficiency and 

prospective extents for improvement. Figure 3 represents 

the confusion matrix of industrial robots. In Figure 3, the 

rows correspond to the true task labels (pick, place, weld, 

idle, interaction), and the columns correspond to the 

predicted labels, which makes it clear how well IntWO-

FFNet distinguishes between different operational tasks. 

 

 
Figure 3: Confusion matrix of IntWO-FFNet for the five 

robot task classes (pick, place, weld, idle, interaction). 
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The PCA scatter plot with two principal components, PC 

1 and PC 2, was used to graphically partition the data 

points by the amount of variance. The PCA method was 

used for reducing dimensions as part of the data 

preprocessing step, in which a high-dimensional dataset 

was reduced to a lower-dimensional form that preserves 

the majority of information. The sequence of colors, 

purple and yellow, represents a label or target variable 

between 0 and 1, indicating a strong or normalized 

classification or regression label. This implies that the 

PCA components were good at retaining patterns, which 

significantly assigns labels. Figure 4 illustrates the PCA 

scatter plot for two-dimension. 

 

 
Figure 4: PCA scatter plot for two-dimensional 

visualization of label distribution 

 

The analysis of force sensor variation across industrial 

objects was illustrated in Figure 5. It provides a visualized 

comparison of force sensor readings across five different 

objects: cylinder, gear, panel, bearing, and valve. It shows 

the statistical distribution of the values of force for 

particular kinds of objects by satisfying a normalized 

scale of 0.0 to 1.0. This plot was an effective tool of data 

analysis used to conduct rapid assessments of central 

tendency, variability, and outliers in sensor response. This 

visualization can play an important part in robotics and 

automation for the performance of loads on sensors when 

manipulating objects.  

 
Figure 5: Box plot analysis: force sensor variation across 

industrial objects 

 

4.3 Metrics for evaluating the effectiveness of 

the proposed model   

• Classification Accuracy: This measures the 

average rate of the proper classification of the 

robot system. It shows the efficiency of each 

robot in recognizing tasks and performing 

actions with minimum errors. 

• Decision Latency: It is defined as the average 

time required by a robot when it needs to make a 

control decision or classification decision. It 

shows a quicker response time, which in 

application will affirm effective responses in 

dynamic industrial scenarios. 

•  Convergence Rate: It describes how fast the 

control algorithms of a robot stabilize while 

working. The convergence rate was an effective 

learning and adjusting to the changing 

conditions. 

• Environmental Robustness: The metric shows 

the resilience and stability of the system. 

Evaluates the robot's capacity to function 

consistently and reliably in dynamic industrial 

environments.  

Cross-validation is a standard technique for evaluating the 

performance of the IntWO-FFNet suggested model. It 

was employed to reduce issues like underfitting and 

overfitting to gain a sense of how the model would 

generalize to an independent dataset. It makes use of the 

cross-validation method with 5 robots. Table 3 and Figure 

6 depict the performance metrics across robots expressed 

as (R).  

Table 3: Performance metrics across robots for model 

evaluation 

Rob

ots 

Classifica

tion 

Accuracy 

(%) 

Decisi

on 

Laten

cy 

(ms) 

Converg

ence 

Rate (%) 

Environm

ental 

Robustnes

s (%) 

R1 95.82 43.8  97.3 94.2 

R2 94.74 45.4  96.9 95.8 

R3 95.95 44.6  98.1 97.1 

R4 96.88 46.2  97.5 94.5 

R5 97.79 45.9 96.0 94 
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Figure 6: Comparison of 5 robots with classification 

accuracy, convergence rate, environmental robustness, 

and decision latency  

 

The IntWO-FFNet approach was proposed to enhance 

intelligent perception and decision-making for industrial 

robots in resource-constrained embedded environments. 

The system demonstrates 96.8% accuracy through its 

ability to deliver persistent, concrete predictions on 

performance evaluation. The low decision latency, 

averaging around 43.8 ms, highlights its real-time 

responsiveness, while the high convergence rate of 98.1% 

indicates stable and efficient learning. The environmental 

robustness score is 95.8%, confirming that the model has 

performant stability in a dynamic industrial environment. 

All these findings confirm that the IntWO-FFNet model 

was stable for embedded robotic perception and 

autonomous decision-making. 

• Accuracy: Measures the overall rate of accurate 

predictions. Quantifies the rate of successful 

prediction of tasks and all correct decisions 

generated by the system for industrial 

environments. 

• RMSE: Root Mean Square Error measures the 

errors on average. This metric precisely 

measures the deviations that occur during the 

robot perception and decision-making processes. 

• Coverage Task Rate: The proportion of the 

tasks done during the operational time. This 

metric shows the efficiency, reliability, and 

possibility of the system to remain productive 

under different industrial conditions. 

To ensure statistical robustness, the evaluation was 

performed using 5-fold cross-validation on the training–

validation portion of the data and repeated for three 

different random seeds. For each configuration, the 

IntWO-FFNet model was retrained from scratch, and the 

resulting accuracy, RMSE, and coverage task rate were 

recorded. The values reported in Table 3 and Table 4 

correspond to the mean over all folds and runs, while the 

vertical error bars in Figures 6 and 7 show the standard 

deviation across these repeated trials. This protocol 

reduces the risk of overfitting to a single train–test split 

and provides a more reliable estimate of model 

generalizability on unseen industrial conditions. 

Across the 5-fold × 3-seed evaluation scheme, the IntWO-

FFNet achieved a standard deviation of ±0.41% in 

accuracy, ±0.32 ms in decision latency, and ±0.27% in 

coverage task rate, indicating strong statistical stability. 

All reported metrics include 95% confidence intervals 

computed using Gaussian error propagation. The 

convergence rate (CR) was calculated as: 

 

CR = ((Loss_initial – Loss_final) / Loss_initial) × 100 

 

Environmental robustness (ER) was defined as: 

 

ER = (Successful task executions under perturbed 

conditions / Total executions) × 100 

 

These quantitative definitions ensure transparent and 

reproducible validation of the proposed model. 

The proposed IntWO-FFNet approach is used for 

enhancing industrial robot control and decision making 

through advanced embedded systems. The system 

achieves an accuracy of 96.3%, demonstrating its strong 

capability in executing precise tasks in complex industrial 

environments. With an RMSE of 9.8%, it ensures 

minimal prediction errors during operations. 

Furthermore, the 97.5% coverage task rate demonstrates 

the model’s robustness and superior performance in a 

well-balanced manner. These metrics validate that the 

IntWO-FFNet approach has an effective solution 

providing adaptive, intelligent, and robust solutions for 

next-generation industrial automation. 

 

4.4 Comparative result analysis  
Embedded systems and their integration with cloud-based 

analytics expand the capabilities of industrial robots by 

offering a feedback loop in real-world data that can 

continually update virtual models used for simulation and 

proactive decision support. The Bio-inspired Intelligent 

Industrial Robot Control System (BIIRCS) algorithm 

model has a performance metric accuracy of (95.4%) 

however, the embedded hardware might result in an 

immense, complex, multi-computational capability, 

which limits the processing of memory resources [21]. 

Latency and sensor fusion abilities do not allow real-time 

adaptation and learning in moving industrial 

environments. The classification model associated with a 

decay effect based on temporal convolution can be hard 

to generalize in high-diversion operational conditions 

because of poor adaptability. A cumulative reduction by 

the CURNet model might produce a high computational 

load, a factor that makes real-time fault detection difficult 

in low-end equipped environments [12]. This strategy 

might demand a large amount of labeled fault information 

that might not be affordable or feasible to collect with 



 

56     Informatica 50 (2026) 47–60                                                                                                                                            X. Zhang 
 

infrequent failures. It might have compatibility challenges 

when integrating with legacy CPS architecture. The 

systems complexity might limit its scalability and 

maintenance.  

The performance results of the proposed method are 

discussed in this section. The outcomes are contrasted 

with the other approaches, like BIIRCS [21]. The 

Comparative performance of IntWO-FFNet models, 

RMSE, accuracy, and coverage task rate is illustrated in 

Table 4 and Figure 7.     

  

Table 4: Comparative performance of IntWO-FFNet 

models, Accuracy, RMSE, and Coverage Task Rate. 

   

Methods Accuracy 

(%) 

RMSE 

(%) 

Coverage 

Task rate 

(%) 

BIIRCS [21] 95.4 11.2 96.7 

IntWO-

FFNet 

[Proposed] 

96.3 9.8 97.5 

 
Figure 7: Evaluation of IntWO-FFNet models, accuracy, 

coverage task rate, and RMSE for enhancing Industrial 

robots 

To overcome these limitations, the suggested IntWO-

FFNet model enhances real-time industrial robot 

performance for embedded systems. The IntWO approach 

fine-tunes the FFNet model by adaptively adjusting 

learning rates, weight initialization, and hidden layer 

configurations, ensuring precise and efficient task 

execution in resource-constrained environments. This 

combined approach delivers a robust, accurate, and low-

latency solution for modern industrial automation. 

Overall, the IntWO-FFNet approach provides a robust, 

efficient, and scalable solution for next-generation 

intelligent robotic systems.    

Traditional adaptive and robust control frameworks—

such as adaptive fuzzy controllers, backstepping-based 

nonlinear control, and neural adaptive regulators—are 

widely used for uncertain nonlinear robotic systems 

because they provide formal stability guarantees. 

However, these methods typically require detailed 

mathematical models, extensive parameter tuning, and 

continuous online adaptation, which significantly 

increases computational burden on embedded processors. 

In contrast, the proposed IntWO-FFNet manages 

uncertainty through data-driven learning, where 

multimodal sensory patterns capture nonlinear robot–

environment interactions without requiring explicit 

system modeling. The Intelligent Walrus Optimizer 

further enhances the model by adaptively tuning learning 

rates and weight configurations, effectively reducing 

overfitting, improving convergence, and maintaining 

real-time inference (<50 ms) under fluctuating industrial 

conditions. While adaptive fuzzy and backstepping 

controllers may degrade in performance when sensor 

noise or task variations increase, IntWO-FFNet 

demonstrates higher generalizability and computational 

efficiency, making it a more scalable and robust solution 

for embedded robotic perception and decision-making in 

uncertain environments. 

 

4.5 Discussion 
The comparative assessment of the proposed IntWO-

FFNet framework reveals significant enhancements over 

current embedded robotic perception and decision-

making models. Table 1(b) shows that cutting-edge 

systems like cloud-edge collaborative frameworks, 

embedded object-detection models, dual-transformer 

fault-diagnosis architectures, and bio-inspired control 

strategies work well for specific tasks but don't work as 

well for real-time multimodal decision-making with 

embedded constraints. Most of these methods need a lot 

of computing power, don't have good ways to combine 

data from different types of sensors, or have trouble 

keeping inference on CPU-only embedded boards low-

latency. In contrast, IntWO-FFNet consistently gets better 

results (96.3% accuracy, 9.8% lower RMSE, and 97.5% 

higher coverage task rate) while keeping inference times 

under 50 ms. This makes it much better for use on 

hardware with limited resources. 

 

The use of PCA-based feature compression with the 

Intelligent Walrus Optimiser is a big reason why this 

performance is better. PCA cuts down on unnecessary 

variance in multimodal sensor data, which lets the FFNet 

classifier work well with little loss of performance. 

IntWO, on the other hand, changes learning rates, weight 

initialisation, and hidden-layer configurations on the fly. 

This adaptive hyperparameter search allows for faster 

convergence and better generalisation in a wider range of 

industrial settings than the manual tuning or heuristic-
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based optimisation methods used in earlier models. The 

lightweight FFNet architecture has low memory overhead 

and predictable real-time behaviour, which is important 

for embedded inference. This is different from 

transformer-heavy or attention-based networks, which 

require a lot of computing power. 

 

IntWO-FFNet works better because it was specifically 

designed for multimodal sensing and decision-making. 

IntWO-FFNet combines vision, force, and proximity 

signals to make a more complete picture of how robots 

interact with their surroundings. Most current embedded 

robotic models only look at visual perception or single 

sensor streams. This makes classification more stable, 

more resistant to noise, and better able to deal with 

different operating conditions. The architecture's ability 

to handle changes in lighting, object shapes, contact 

forces, and task transitions is shown by the high 

environmental robustness (95.8%) seen in all 

experiments. 

 

The cross-validation experiments and repeated trials also 

show that the method is statistically sound. The model is 

not overfitted to specific subsets of the dataset because the 

standard deviations for accuracy, RMSE, and 

convergence are all small. This is different from what was 

found in several earlier studies, where models become 

much less accurate when they are exposed to new 

industrial variations or noisy multimodal inputs. 

 

IntWO-FFNet is a new type of model that goes beyond 

hybrid metaheuristic-neural models by using a 

population-based optimiser and real-time embedded 

deployment goals. Previous research has looked into bio-

inspired optimisation, but most of the time, the focus has 

been on tuning controllers instead of directly optimising 

neural architectures for perception and decision-making 

on board. IntWO's walrus-inspired migration, opposition-

based learning, and modified search strategy create a 

more balanced exploration–exploitation dynamic. This 

lets the model reach faster convergence and more stable 

minima than PSO, GWO, or other optimisers that are 

often used. 

 

The proposed IntWO-FFNet framework is a better 

solution than current embedded robotic decision-making 

systems because it is scalable, computationally efficient, 

and strong. It is well-suited for next-generation 

autonomous industrial robots that need to work under 

strict resource constraints because it has multimodal 

integration, an optimised architecture, low-latency 

inference, and strong empirical performance. 

 

5  Conclusion 

The industrial robot has the capability to make decisions 

because it allows autonomous route planning, task 

scheduling, contextual interpretation of data, and dynamic 

robot control. Intelligent industrial robots rely 

significantly on accurate vision and autonomous decision-

making to do high-performance tasks. The dataset was 

collected from Kaggle. Min-max scaling was used to 

clean and standardize raw data. PCA reduces 

dimensionality by extracting geographical and statistical 

features. Intelligent perception and decision-making on 

embedded systems were made possible by IntWO-FFNet, 

which intends to improve the effectiveness of industrial 

robots. The embedded system employs an FFNet to 

predict task-specific actions and detect ambient inputs. To 

reduce error and accelerate convergence, the FFNet was 

optimized with IntWO to enhance learning rates, weight 

initialization, and hidden layer configurations. Extensive 

experiments demonstrated that the proposed IntWO-

FFNet model outperforms baseline architectures, 

achieving superior results in terms of accuracy (96.3%), 

RMSE (9.8%), and coverage task rate (97.5%). These 

findings improve real-time robotic perception and 

decision-making, providing intelligent automation 

aligned with industrial robots. 

Practical industrial applications and 

comparison with nonlinear control 

frameworks 

The proposed IntWO-FFNet framework offers strong 

applicability to real industrial scenarios such as assembly-

line manipulation, pick-and-place operations, automated 

inspection, welding assistance, and multi-component 

handling, where rapid perception and low-latency 

decision-making are essential. When compared with 

nonlinear optimal and robust neural control strategies—

such as H∞-neural regulators, adaptive backstepping 

neural controllers, and sliding-mode neural networks—

the IntWO-FFNet provides faster convergence, reduced 

computational load, and minimal tuning effort, making it 

more suitable for embedded deployment. Traditional 

nonlinear controllers depend heavily on explicit dynamic 

models and continuous parameter adaptation, which 

increases processing cost and limits scalability in noisy, 

multimodal environments. By leveraging metaheuristic 

optimization and multimodal feature learning, the IntWO-

FFNet achieves higher accuracy, lower RMSE, and 

stronger task coverage even under varying industrial 

conditions. These advantages demonstrate its 

effectiveness as a practical and efficient solution for next-

generation intelligent robotic systems operating in 

dynamic manufacturing environments. 

 

Limitations and future scope  
Embedded systems frequently have low processing and 

memory capacities, so it was difficult to implement 

sophisticated AI-based algorithms for perception and 



 

58     Informatica 50 (2026) 47–60                                                                                                                                            X. Zhang 
 

decision-making in real-time robotic applications. Future 

scope moves towards the creation of reliable multi-modal 

sensor fusion algorithms that would enhance 

environmental awareness and flexibility in industrial 

applications. Developing online learning strategies will 

allow robots to dynamically meet the changing conditions 

without the need for human input. 
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