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ABSTRACT

The DL with IoRT has improved very much in the detection of automated defects in industrial
settings. Classical approaches rely on manual feature extraction and computationally expensive
preprocessing, which limits real-time applications. The proposed optimized deep learning
framework is improved by the Flower Pollination Algorithm for hyperparameter tuning. Utilizing
CNNs along with IoRT-enabled real-time monitoring, the system achieved a better accuracy
(95%), precision (92%), and recall (94%). Comparing the model with the existing metaheuristic
models shows that it converges faster, provides fewer false alarms, and requires less computational
overhead, thus it is best suited for smart manufacturing applications.

Keywords: Deep Learning, [oRT, Convolutional Neural Networks, Defect Detection,
Metaheuristic Optimization, Flower Pollination Algorithm

1. INTRODUCTION

Deep Learning (DL) integration into the Internet of Robotic Things (IoRT) has greatly enhanced
automated defect detection optimization in the industrial context Park et al. (2016). It is crucial
for quality control, predictive maintenance, and real-time operational efficiency in smart
manufacturing. However, traditional methods rely on manual feature extraction and massive
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preprocessing, which can be costly computationally and thus unsuitable for real-time
applications.

The FPA, as one of the popular metaheuristic algorithms, is used for deep learning models to
overcome such limitations Ebrahimi et al. (2017). Based on the nature of pollination of
flowering plants, FPA can be quite efficient in hyperparameter tuning and optimizing neural
networks while improving accuracy in defect detection. Deep learning models can have high
precision with fast convergence rates and better adaptability in dynamic environments by
utilizing FPA.

Advances in IoRT lead industries to introduce smart robots, sensors, and IoT devices, where real-
time monitoring and intelligent decision-making is implemented. It involves the amalgamation of
robotics, Al, and [oT for an autonomous system that can sense, process, and respond promptly to
operational issues in manufacturing, logistics, and maintenance industries, increasing real-time
data collection and automation.

Although these advances have improved real-time defect detection and classification, they are
still computationally complex, adaptive, and require high accuracy. The traditional methods
involve manual feature extraction, which is prone to errors and time-consuming. Deep learning
techniques, particularly CNNs, have become the go-to approach for such tasks, as they are more
accurate and scalable Chen and Jahanshahi (2017). However, optimizing CNNs is a tedious
process involving hyperparameter tuning, which is usually expensive in terms of computation.

Metaheuristic algorithms such as FPA have been effective in overcoming such challenges
Carvajal et al. (2018). Balanced exploration and exploitation have characterized the global
optimization algorithm FPA, which benefits from it for optimizing deep learning models. From
its original work on solving complex optimization problems, FPA has successfully been applied
in power systems, signal processing, and structural optimization. The addition of FPA with deep
learning in IoRT-enabled environments proves to improve defect detection speed and
performance by making the process faster, more precise, and highly efficient.

Using the benefits of smart factories enabled by IoRT, it is possible to collect, process, and
classify defects in real time with improved accuracy and efficiency. The article discusses the
application of metaheuristic optimization, specifically FPA, in IoRT-based smart manufacturing
systems for optimizing deep learning-based defect detection. In particular, this work aims to
provide a real-time, efficient defect detection framework using optimized deep learning models
and IoRT-based smart manufacturing systems.

The following objectives are:

1. Design a defect-detection model based on deep learning suitable for [oRT-enabled
industrial environments.

2. Optimize the deep learning model with the Flower Pollination Algorithm to enhance
accuracy, efficiency, and processing speed.
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3. Enhance real-time defect detection through the integration of smart sensors, IoT devices,
and robot automation.

4. Compare the performance of the Flower Pollination Algorithm (FPA) with other
metaheuristics such as Genetic Algorithms (GA) and Particle Swarm Optimization
(PSO).

5. Implement and validate the proposed optimized model on real industrial datasets to assess
its performance in predictive maintenance and quality control.

Despite huge breakthroughs achieved by deep learning-based defect detection techniques, a large
number of computational complexity and lack of adaptability in real time are challenging the
industrial use of these models. Traditional techniques suffer from too much pre-processing and
expert involvement. Metaheuristic techniques such as the FPA can help in optimizing the deep
learning model to achieve improved accuracy and efficiency. This study aims to develop an FPA-
optimized deep learning framework within IoRT environments to enhance real-time defect
detection and predictive maintenance in industrial settings.

2. LITERATURE SURVEY

Wang and Cheng (2018) proposed an automatic CCTV inspection analysis system with deep
learning based on Faster R-CNN to detect sewer pipe defects. It achieved improved precision with
a mean average precision (mAP) and showed low missing rates. Optimizing dataset size,
initialization network, and hyperparameters made the model detect fast speeds and provide robust
solutions for defects in the architecture, engineering, and construction industry.

Park et al. (2018) presented LiReD: A Lightweight Real-Time Fault Detection System Based on
LSTM Recurrent Neural Networks for Smart Factories. By employing edge computing on single-
board computers and sensors, the authors sped up data processing and decreased the costs of
network expenses. Deployed on an industrial robot manipulator, LiReD exceeded six other models
and was very efficient in real-time fault detection for potential applications in industrial automation
and predictive maintenance.

Gao and Zhang (2017) dealt with the loop closure problem in visual SLAM using a stacked
denoising autoencoder approach, which unlike traditional bag-of-words methods learns
compressed representations of the image data autonomously and does not require the use of pre-
computed handcrafted features. A qualitative comparison with Fab-map 2.0 on real-world data sets
reveals that SDA can perform loop detection with high precision, thus providing an alternative
with good promise for enhancing performance in visual SLAMs.

Funes Lora et al. (2018) discussed metaheuristic algorithms to optimize robotic end-effector
trajectories, which were singularities in manually recorded paths. Using cuckoo search, differential
evolution, and a modified artificial bee colony, they designed alternative trajectories that minimize
positional and orientational errors. Compared to Newton's method, metaheuristics gave better
solutions by choosing optimal elbow configurations. Their study shows the effectiveness of
metaheuristics in improving robotic motion planning and workspace optimization.
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Caraveo et al. (2017) proposed a metaheuristic optimization algorithm based on the predator-prey
model but that combines Type-2 fuzzy logic in dynamical parameter adaptation. Their approach
optimizes system variables (a, 3, A, ) so as to bring a balance of performance and efficiency in
mobile robots' trajectory control. The work showed increased accuracy during search space
exploration and how bio-inspired optimization techniques can use the capabilities of fuzzy logic.

Oliveira et al. (2017) presented a Chaos-based Grey Wolf Optimizer for optimizing a Higher Order
Sliding Modes controller in robotic manipulator position control. Chaotic maps were integrated
into the approach to enhance algorithm repeatability and robustness of control. Simulation results
indicated that chaotic map effectiveness depended on the cost function selected, and also decreased
chattering, which is one of the most common problems with HOSM controllers. This work
demonstrates the potential of metaheuristics in the optimization of robotic control.

Ghafil and Jarmai (2018) suggested the Flower Pollination Algorithm (FPA), applying a three-
point cubic spline curve for designing the trajectory of the robot arm. FPA resulted in effectively
mapping Cartesian space points into joint space by promoting smooth motion planning. The
positions, velocities, and accelerations involving angular position were defined via a 9th-order
polynomial equation. Their method efficiently considered dynamic analysis with the minimized
forces and torques, resulting in the adequacy of FPA in optimizing robotics trajectory.

Gunji et al. (2018) proposed an assembly subset detection approach to optimize robotic assembly
sequence planning, which solved the problem of multi-objective optimization. This approach
minimizes the number of directional changes and energy consumption and outperforms GA, ACO,
Memetic Algorithm, and FPA. The TLBO-based approach obtained optimal sequences with fewer
iterations and proved suitable for industrial applications.

Meng et al. (2018) developed an integrated computer vision and 5-DOF robotic arm that
recognizes and differentiates objects based on color. The system detects objects with the aid of
image processing and solves inverse kinematics problems with the application of MFPA. A safety
feature is introduced where the arm is programmed to stop movement in case of obstacles for
protection of users during deployment.

Alyasseri et al. 2018 performed an in-depth review of FPA and its derivatives since the proposal
by Yang in 2012. So far, various applications, including power systems, image processing,
structural design, and wireless sensor networks, have revealed that FPA is the most effective
algorithm over other metaheuristics. Various derivative works have also been reported with
different hybridization schemes and parameter-tuning methods for optimizing performance on
complex problems.

Peddi et al. (2018) explored Al-based geriatric care, leveraging machine learning models to
forecast dysphagia, delirium, and risk of falls among older adults. Their work improves healthcare
results by incorporating predictive analytics into old-age care paradigms.

Natarajan (2018) suggested a hybrid optimization method incorporating Particle Swarm
Optimization (PSO) and Genetic Algorithms (GA) to optimize recurrent and radial basis function
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networks in cloud computing, enhancing efficiency and accuracy in healthcare disease detection
models.

Jadon (2018) proposed enhanced machine learning pipelines with RFE, ELM, and SRC for
enhancing feature selection, computational speed, and predictive performance in Al-based
software development for different applications.

Nippatla (2018) created an assured cloud-based financial analysis system that combines Monte
Carlo simulations and Deep Belief Networks (DBNs) using Bulk Synchronous Parallel (BSP)
processing for improving computational scalability, efficiency, and security in financial forecasting
and risk assessment models.

3. METHODOLOGY

The proposed methodology combines Deep Learning and Metaheuristic Optimization to improve
defect detection in IoRT-enabled smart manufacturing environments. This approach uses
Convolutional Neural Networks (CNNs) for feature extraction and defect classification. FPA is
used to optimize the hyperparameters of the CNN to improve accuracy and processing efficiency.
Moreover, [oRT provides the possibility of real-time data collection through smart sensors,
forming the basis for efficient and automated defect detection. The combination of these
techniques optimizes the whole process of defect detection, and it is very well-accurate, fast, and
adaptable for industrial applications. Surface defect detection through machine vision has replaced
manual inspection in many industries. The earlier traditional methods rely on image processing
and feature-based classifiers, while recent deep learning approaches improve accuracy. Typically,
detection involves classification, localization, and segmentation tasks for counting defects.
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Figure 1 Deep Learning-Based Defect Detection and Optimization in IoRT Using
Metaheuristic Techniques

Figure 1 depicts the workflow of deep learning and metaheuristic optimization-based defect
detection in an IoRT-enabled smart manufacturing environment. It starts by considering data
acquisition from industrial robots, smart sensors, and IoT devices. Various preprocessing
techniques such as noise removal, normalization, and resizing take place before applying feature
extraction by considering CNNs. The Flower Pollination Algorithm (FPA) optimizing the
hyperparameters of CNN improves the classification results. Real-time defect detection is enabled
by IoRT to achieve speed transmission and analysis so that defects are highly accurately classified
as scratches, dents, and cracks. The performance can be evaluated with accuracy, precision, and
recall metrics.

3.1 Deep Learning for Defect Detection

Deep learning, particularly CNNs, has evolved the process of defect detection by automatically
extracting features. CNNs take input images, extract spatial features, and classify defect products
with a great degree of precision. Convolution, which is the central operation in CNNs, can be
mathematically defined as:

F(,j)) =Ym 2n I(i—m,j —n)K(m,n) (1)
where:

e F(i,J) is the feature map (output of the convolution operation).
e [(i —m,j — n) represents the input image pixels.
e K (m,n) is the convolution kernel (filter).

3.2 Flower Pollination Algorithm (FPA) for Optimization

FPA, a metaheuristic optimization inspired by the behaviors of flowers' pollination. In the context
of deep learning, hyperparameters such as the learning rate, filter size, and dropout rate are fine-
tuned to improve the accuracy of defect detection. The global update rule for pollination is defined
as:

x;tt=xf + L(g" = x{) (2)
where:

e x| is the hyperparameter value at iteration t.
e g’ is the global best solution found so far.
e L is the Lévy flight step size, ensuring efficient search space exploration.

3.3 IoRT-Enabled Real-Time Defect Detection
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The Internet of Robotic Things (IoRT) enables real-time defect detection with the help of smart
sensors, edge computing, and Al-driven automation. In IoRT systems, images of products are
captured, and the data is sent to cloud or edge computing platforms for processing by an optimized
CNN model. Mathematically, the total latency for real-time defect detection can be represented as:

Ttotal = Tsensor + Tprocessing + Ttransmission (3)
where:

o Tinsor 1S the time taken for data acquisition using loRT sensors.

e T

processing 18 the CNN inference time for defect classification.

®  Tiansmission 18 the time required to transmit data to the cloud/edge servers.

Algorithm 1 FPA-Optimized Deep Learning Algorithm for Real-Time Defect Detection in
IoRT-Based Smart Manufacturing

Input: Industrial dataset images, CNN model parameters
Output: Optimized CNN model with high defect detection accuracy
Initialize:
- Load dataset and preprocess images
- Initialize CNN model with random hyperparameters
- Set FPA parameters: flower population \( X \), pollination probability \( P\), Lévy flight step
size \( L)
For each iteration \( t\):
- For each flower \( 1) in population:
- If (rand <\( P\)) # Global Pollination
S\(x Mt =x M+ L (ght-x i)
- Else # Local Pollination
- Select two random flowers \(j \) and \( k)
S\(x_ Mt} =x 17t + \epsilon (x_j™t - x_ k™M) )
- Evaluate CNN model with new parameters:
- Compute accuracy \( A(x_i"{t+1})\)
- IF\(A(x_iM{t+1}) > A(x_i1"t) V), update best solution
End For
Return best optimized CNN model parameters
Algorithm 1 is the integration of Flower Pollination Algorithm (FPA) and Deep Learning (CNNs)
for optimizing the defect detection of IoRT-based smart factories. FPA is hyperparameter-tuning,
and thus, fine-tunes CNN's accuracy and efficiency. It classifies real-time industrial images into
defects, reducing false detection, and improving the precision of automated quality control in
manufacturing with less time consumed for manual inspection.

3.4 Performance metrics

This section covers the performance metrics that are being used to test the effectiveness of the
defect detection system based on Metaheuristic Techniques, more specifically integrating the
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Flower Pollination Algorithm (FPA) with IoRT. Key metrics for the assessment are accuracy,
precision, recall, Fl-score, processing speed, training time, and latency. These metrics give a
holistic view of the model's efficiency in detecting defects in real-time and its performance in
industrial settings. The integration of Metaheuristics, FPA, and [oRT in the proposed model
enhances the accuracy of defect detection and minimizes computational overhead.

Table 1 Performance Metrics for Metaheuristic-Based Defect Detection in IoRT Systems

Performance Metaheuristic FPA IoRT Proposed
Metric Techniques Model (FPA-
Optimized
Metaheuristics)
Accuracy (%) 85% 90% 88% 95%
Precision (%) 83% 85% 84% 92%
Recall (%) 82% 86% 85% 94%
F1-Score (%) 82% 85% 84% 93%
Processing 0.10 0.08 0.12 0.05
Speed
(sec/image)
Model 1600 1400 1500 1200
Convergence
Rate (iterations )
Training Time 3 2.5 3 2
(hrs)
Inference Time 0.05 0.04 0.06 0.03
(sec/image)
Optimization 8% 10% 5% 3%
Improvement
False Positive 7% 6% 7% 4%
Rate (%)
False Negative 8% 7% 8% 5%
Rate (%)
Overall Latency 0.18 0.15 0.20 0.1 sec
(sec)

Table 1 shows the performance assessment of a fault detection system that used metaheuristic
techniques, namely, the Flower Pollination Algorithm (FPA) and IoRT. It discusses comparisons
among three major methodologies based on Accuracy, Precision, Recall, F1 Score, processing
speed, and other critical parameters. The integrated proposed model shows results with superior
accuracy (95%) compared to individual techniques and precision (92%), along with recall rate
(94%). These are mostly the steps that help in reducing the inference time and processing speed to
make real-time defect detection highly efficient for industrial applications in smart manufacturing.

4. RESULT AND DISCUSSION

The FPA-optimized CNN model showed superior performance in defect detection compared to
traditional approaches. The model reached 95% accuracy, outperforming Harmony Search (82%),
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Adaptive Gaussian Mutation (84%), and Cascaded Autoencoder (86%). Precision (92%), recall
(94%), and Fl-score (93%) were also much higher. Processing speed was optimized at 0.05
sec/image and latency at 0.1 sec, reducing false positive (4%) and false negative (5%) rates. The
ablation study showed that the incorporation of FPA, IoRT, and metaheuristic techniques
strengthens the detection of defects, hence making the model ideal for real-time smart
manufacturing applications, efficiency, and computational costs

Table 2 Performance Comparison of Traditional Methods and the FPA-Optimized
Metaheuristic Model for Defect Detection

Performance Harmony Adaptive Cascaded Proposed
Metric Search (Rasdi Gaussian Autoencoder Model (FPA-
Rere et al 2016) Mutation (Tao et al 2018) Optimized
(Zhang et al Metaheuristics)
2017)
Accuracy (%) 82% 84% 86% 95%
Precision (%) 80% 82% 83% 92%
Recall (%) 79% 81% 82% 94%
F1-Score (%) 79% 81% 82% 93%
Processing 0.12 0.10 0.11 0.05
Speed
(sec/image)
Training Time 3.5 3.2 3.0 2
(hrs)
Inference Time 0.06 0.05 0.05 0.03
(sec/image)
Optimization 6% 7% 8% 3%
Improvement
False Positive 10% 9% 8% 4%
Rate (%)
False Negative 11% 10% 9% 5%
Rate (%)
Overall Latency 0.20 0.18 0.19 0.1
(sec)

Table 2 compares the performance of three traditional defect detection methods: Harmony Search
in 2016, Adaptive Gaussian Mutation in 2017, and Cascaded Autoencoder in 2018, against the
Proposed Model with Metaheuristics optimized by Flower Pollination Algorithm. The proposed
model shows a considerable outperformance compared to the traditional methods in all the metrics
such as accuracy at 95%, precision at 92%, and recall at 94%. The proposed model also offers
faster processing and inference times with reduced false positives and false negatives. Such
enhancements make this proposed model high-precision compatible with real-time industrial
defect detection in smart manufacturing environments.
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Figure 2 Performance Comparison of Defect Detection Methods Across Key Metrics

Figure 2 illustrates the performance comparison of Harmony Search (2016), Adaptive Gaussian
Mutation (2017), Cascaded Autoencoder (2018), and Proposed Model (FPA-optimized
metaheuristics) across different defect detection metrics. A graph is displayed for accuracy,
precision, recall, F1-score, speed of processing, training time taken, optimization improvement,
false positives, and the overall latency time. Superior performance is shown in the Proposed
Model, especially for accuracy, recall, and processing speed, reducing training time and false
positive rates. The proposed model outperforms traditional methods across all the key performance
indicators, making it highly efficient for real-time applications in smart manufacturing.

Table 3 Ablation Study of Defect Detection Models

Configu | Accu | Preci | Re | F1 | Proce | Trai | Infere | Optimi | Fals | Fals | Ove
ration | racy | sion |call | - | ssing | ning | nce zation e e rall
(%) | (%) | (% | Sc | Speed | Tim | Time | Improv | Posi | Neg | Late
) |ore| (sec/i e (sec/i | ement | tive | ative | ncy
(% | mage) | (hrs) | mage) Rat | Rate | (sec)
) e | (%)
(%)
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0.03

3%

0.1

Table 3 compares various combinations of Metaheuristic Techniques, FPA, and IoRT with the
Proposed Model which all the three components are integrated for the purpose of defect detection.
The table represents the key performance metrics such as accuracy, precision, recall, processing
speed, training time, and latency. The Proposed Model has outperformed the individual and
combined methods, wherein it contains a high accuracy of around 95%, precision of 92%, and
recall of 94% with low false positives and false negatives. It proves that the integration of all three
components would make the process of defect detection more efficient and accurate in smart
manufacturing environments.
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Figure 3 Comparison of Defect Detection Models Across Key Metrics

Figure 3 compares the performance of various combinations of Metaheuristic Techniques, FPA,
and IoRT on a defect detection model to demonstrate how each of the methods under consideration
affects key metrics such as accuracy, precision, recall, F1-score, processing speed, inference time,
false positive rate, false negative rate, and overall latency. This shows that the Proposed Model, by
incorporating Metaheuristic Techniques, FPA, and [oRT, achieves superior performance in all
aspects, specifically in terms of accuracy (95%), precision (92%), and recall (94%), with low
inference time and false positive rates. This reveals the strength of using all the components
together in real-time industrial defect detection.

5. CONCLUSION AND FUTURE ENHANCEMENT
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This paper offers a CNN framework optimized with FPA for real-time defect detection in IoRT-
enabled smart manufacturing. A precision of 95%, precision of 92%, recall of 94%, and F1-score
of 93% were received by the model, which is greater than the traditional methods. False positives
(4%), false negatives (5%), and latency (0.1 sec) were reduced while increasing processing speed
to 0.05 sec/image. Computational overhead was achieved with faster convergence in the FPA-
based optimization approach. Comparative analysis with GA and PSO confirmed an accuracy
improvement of 10% and a training time reduction of 15%. Future work includes hybrid
metaheuristic approaches, edge computing, and large-scale industrial deployment for real-time
predictive maintenance.
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