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1. INTRODUCTION

The integration of artificial intelligence (Al) and machine
learning models in robotic systems is altering many
traditional jobs as companies continue to adopt advanced
automation and smart technology. Order picking and
putting in warehouse and supply chain management is one
area that is witnessing notable improvements. Robotic
automation advancements are essential due to the growing
demand for procedures that are faster, more efficient, and
error-free. This study examines how order selecting and
placing—particularly in robotic automation—are
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being revolutionized by the combination of Swish
Activation  Function, Efficient Net-based image
approaches, and Adaptive Optics. Smoother gradients
during training lead to improved model accuracy and
convergence. The Swish Activation Function was
introduced as an improvement over conventional ReLU
(Rectified Linear Unit) activation functions. It is
extensively used in neural network architectures to enhance
robotic vision systems' object detection and recognition
capabilities. This is important because it makes robotic
processing faster and more accurate, which is necessary for
order picking applications. The development of neural
network architectures like Efficient Net, which maximize
computing economy and accuracy, is another important
step toward better robotic vision systems. Efficient Net
uses a compound scaling strategy, which balances all three
parameters, in contrast to typical models that rely on
scaling width, depth, or resolution singly. This architecture
improves the robot's capacity to handle visual data,
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allowing for accurate object identification and
manipulation when combined with imaging systems in
robotic applications. Traditionally employed in vision
research and astronomy, Adaptive Optics modifies the light
path to account for aberrations. Adaptive Optics can
improve the imaging systems' accuracy in the context of
robotic automation by lowering aberrations, providing the
robots with crisper visual input. This is especially helpful
in settings where conventional imaging techniques may be
hampered by lighting or item forms. Robotic systems used
for order picking and placing can greatly increase their
efficiency, accuracy, and dependability by combining these
cutting-edge techniques. These developments shorten work
times, cut down on mistakes, and simplify the procedure
overall, improving supply chain management and
warehouse operations. The key objectives are:

e Robotic object identification and manipulation are
enhanced by Swish Activation Function, which
increases model accuracy and gradient flow.

e Efficient Net-based imaging optimizes robotic
vision in order picking by striking a compromise
between computing efficiency and precision.

e Adaptive Optics enhances picture quality and
precision in robotic operations by compensating for
visual aberrations.

e By combining these technologies, robotic order
picking and placing will be radically improved in
terms of speed, accuracy, and efficiency.

The lack of attention paid to human operator risk issues in
automated warehouses' advanced order picking duties is
brought to light by Lee et al. (2020). The study highlights
the necessity of addressing physical strain in man-machine
(MR) systems through ergonomic design improvements.
The suggested approach improves robotic order selecting
and positioning by combining Swish Activation, Efficient
Net-based imagery, and Adaptive Optics. Adaptive Optics
offers crisp visuals by reducing distortions, Efficient Net
optimizes image processing, and Swish Activation
increases the accuracy of object detection. When
combined, these technologies provide a strong foundation
that improves accuracy, productivity, and dependability in
dynamic warehouse operations. The evaluation of physical
loads and working postures shows that interactions
between humans and goods-to-picker systems can cause a
great deal of physical strain. Reducing operator tiredness,
boosting safety, and improving overall performance all
depend on ergonomic system design advancements, which
guarantee that automation won't jeopardize worker welfare
in warehouse settings. The structure of the paper is as
follows: The literature on developments in image
processing, adaptive optics, and robotics is reviewed in
Section 2. The methodology for robotic order selecting and
placing is described in Section 3, with an emphasis on
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combining Swish Activation, EfficientNet-based imagery,
and Adaptive Optics. The results are shown in Section 4
and demonstrate how the suggested system outperforms
current techniques in terms of accuracy, efficiency, and
energy optimization. Section 5 wraps up with important
discoveries and recommendations for next developments,
such as the use of reinforcement learning and quantum
computing.

2. LITERATURE SURVEY

Dhaliwal (2020) emphasizes how robotics and automation
have transformed warehouse management by reducing the
need for physical labor in material handling. As
technological improvements continue, order fulfillment
and logistics are improved by AGVs, AS/RS, AMRs, G2P
systems, robotic arms, and AGCs. These technologies also
increase operational speed, accuracy, and efficiency.

Bright and Ponis (2021) investigate how gamification
might improve AR-assisted order picking procedures in
logistics powered by Industry 4.0. The proposed
gamification paradigm stresses equitable reward systems,
decreasing task monotony and motivating employees while
taking task diversity and cognitive effort into account. This
aligns business processes with human motivation.

According to Boysen et al. (2019), warehousing systems
designed for e-commerce present particular difficulties
because of time-sensitive, small-quantity orders. The
shortcomings of traditional picker-to-parts systems have
led to the introduction of automated solutions, such as
robotic picking and AGV-assisted systems, in addition to
organizational techniques like batching, dynamic order
processing, and mixed-shelves storage.

A model for a robotic order-picking system combining an
automated guided vehicle (AGV), a collaborative robot
(cobot), and a robotic hand is presented by D'Souza et al.
(2020). This Industry 4.0-aligned solution increases agility
and flexibility by automating repetitive operations so that
employees may concentrate on knowledge-based work.

Paul et al. (2024) utilize YOLO for capsicum harvesting,
incorporating detection, segmentation, growth stage
classification,  counting, and real-time  mobile
identification. The technology improves agricultural
efficiency through precise object recognition and
classification, showcasing notable progress in smart
farming technologies.

Khanam et al. (2024) examine convolutional neural
networks (CNNs) for fault identification in industrial
contexts. The research underscores progress in CNN
architectures, tackling issues such as generalization,
scalability, and real-time processing, while accentuating
the revolutionary influence of CNNs on industrial defect
detection.
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Golroudbari & Sabour (2023) examine deep learning
applications in autonomous navigation, analyzing
techniques such as reinforcement learning, SLAM, and
object detection. The document emphasizes progress in
resilient, real-time navigation systems within the realms of
autonomous vehicles and robotics.

Piotrowski et al. (2024) Investigates active learning for
surgical instrument recognition and location. The research
highlights the integration of machine learning and active
learning to enhance the accuracy of medical equipment
identification, hence increasing real-time surgical aid
systems.

Khan et al. (2024) Discusses artificial intelligence (Al)
basics, problems, and applications in intelligent systems.
The book offers insights into Al frameworks and tactics for
addressing real-world challenges, providing thorough
guidance for implementing Al across many industries.

Benkirat (2023) creates a real-time object detection system
for the visually impaired utilizing deep neural networks on
a Raspberry Pi. The solution provides economical,
accessible, and instantaneous object detection, hence
augmenting autonomy for visually impaired individuals.

Goudah et al. (2023) propose a hybrid trained and pre-
trained YOLO8 model for object identification in inland
vessels. The research illustrates enhanced detection
precision and adaptability in maritime settings, hence
boosting safety and navigation.

Automation has the ability to completely transform
shipping and receiving activities, which are still in their
infancy in the automated supply chain, according to
Cramer et al. (2020). Automating operations such as
loading and unloading may lower staff turnover, increase
worker satisfaction, and improve productivity, accuracy,
and safety. Process standardization is essential for
implementation to be successful.

Mungla (2019) investigates how Freight Forwarders
Solutions uses robotic process automation (RPA) for
inventory control. RPA enhanced productivity, decreased
mistake rates, and streamlined procedures by automating
repetitive, manual operations. This allowed staff members
to be redirected to higher-value cognitive duties, which
raised overall operational efficiency. Additionally, RPA
cut costs and increased accuracy.

Andelkovi¢ and Radosavljevi¢ (2018) emphasize that in
order to improve order-picking efficiency, a warehouse
management system (WMS) must be put in place. They
determine which order-picking processes profit most from
WMS through empirical study, emphasizing both the
technology's potential to increase productivity and its
implementation's drawbacks.
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Using a robotic arm that can be programmed, Banerjee et
al. (2018) suggest an automated testing method for 3D
reconstruction. By precisely regulating panning speeds,
angles, and distances, the technology verifies 3D models.
Hardware expedites processing, while a depth sensor helps
with position estimation. This guarantees robust, high-
performing validation of the features involved in 3D
reconstruction.

The application of deep learning algorithms and machine
vision technologies to high-speed robotic sorting systems
is investigated by Mou et al. (2021). By eliminating the
drawbacks of human sorting, such as visual fatigue, these
technologies increase sorting speed and accuracy. Precise
data obtained from image identification and target tracking
facilitates intelligent and effective sorting in industrial
manufacture and transportation.

A deep convolutional neural network (DCNN) method for
localization and recognition in vision-based industrial
sorting robots is presented by Wu et al. (2019). To handle
uneven lighting, they provide the Pixel Projection
Algorithm (PPA), which allows for accurate object
segmentation.  Subsequently, the DCNN quickly
recognizes workpieces, greatly enhancing industrial
environments' location accuracy and recognition speed.

3. METHODOLOGY

The suggested approach revolutionizes robotic order
selecting and putting operations in automation systems by
combining Adaptive Optics, Efficient Net-based vision,
and Swish Activation Function. While Efficient Net
optimizes the trade-off between accuracy and
computational efficiency for image processing, Swish
Activation enhances the training efficiency and accuracy of
deep learning models used in object recognition. Robotic
imaging systems can see more clearly thanks to Adaptive
Optics, which corrects for aberrations in the surrounding
environment. When combined, these technologies greatly
increase the speed, precision, and overall efficiency of
order picking and placing activities in warehouses by
enabling exact object identification, manipulation, and
placement in dynamic, real-time environments.
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Figure 1 Architecture Diagram for Swish Activation
and Efficient Net-Based Imaging with Adaptive
Optics in Robotic Order Picking and Placing
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The architectural flow of a robotic order-picking system
utilizing Adaptive Optics, efficient net-based imaging, and
Swish Activation is depicted in Figure 1. Adaptive Optics
is used to improve image clarity from the visual input
obtained from cameras and other sensors at the start of the
process. The image is processed by the Efficient Net model
using optimal scaling for object detection. Swish
Activation enhances the ability to recognize and classify
objects. After identifying the object, its location is
ascertained, and then the robotic arm is precisely
maneuvered to perform operations like picking and
placing. Errors are tracked by a feedback loop, which
makes sure the system updates and gets better depending
on data in real time.

3.1 Swish Activation Function

The Swish Activation Function, defined as f(x) = x -
sigmoid(x), improves deep learning models' performance
by maintaining smoother gradients during training. This
leads to faster convergence and better accuracy in complex
tasks like object detection and classification. Swish's non-
linearity and ability to avoid "dead neurons" make it highly
effective in robotic applications, especially for real-time
processing of dynamic environments.

1
1+e™*

fx)=x- 1)
The Swish function multiplies the input x by the sigmoid
of x, creating a smooth curve that allows better gradient
flow during backpropagation. This avoids the problem of
"dead neurons" and enables faster learning in neural
networks, leading to improved object recognition in robotic
order picking tasks.
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3.2 Efficient Net-Based Imaging

In order to maximize the neural network's width, depth, and
resolution and improve its accuracy and computing
efficiency, Efficient Net employs a compound scaling
technique. Effective order picking and putting requires
accurate and dependable object identification in a variety
of warehouse situations, which is made possible by this
method's major improvements to robots' visual processing
abilities.

d=a,w=pLr=y )

Efficient Net scales depth (d), width (w), and resolution
(r) using constants «, 8, and y, ensuring balanced model
scaling. This approach enhances the network's ability to
efficiently process high resolution images in complex
environments, helping the robotic system detect and
classify items faster and with greater accuracy in order-
picking tasks.

3.3 Adaptive Optics

With the aid of Adaptive Optics technology, distortions
brought about by external elements like movement or
lighting can be instantly corrected by adjusting optical
components. Adaptive Optics ensures sharper images for
robotic systems, boosting the accuracy of object
recognition and manipulation in uncertain warehouse
circumstances by dynamically altering the wavefront of
incoming light.

@(t) = ¢po — A9(1) ®)
The phase ¢(t) of incoming light is adjusted by
compensating for distortions A¢(t). Adaptive Optics
modifies the wavefront dynamically, ensuring accurate and
undistorted visual data for robotic systems. This leads to
clearer imaging in challenging environments, making
object identification and manipulation more efficient in the
order-picking process.

Algorithm 1: Algorithm for Robotic Order Picking and
Placing Using Swish Activation, Efficient Net, and
Adaptive Optics

Input: Visual input from warehouse environment, Pre-
trained Efficient Net model with Swish Activation,
Adaptive Optics correction parameters

Output: Precise object identification, Successful object
picking and placing

BEGIN

Initialize Efficient Net model with Swish Activation
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FOR each object in picking list
Capture object image from camera

APPLY Adaptive Optics correction IF image
distortion detected

Process corrected image using Efficient Net model
IF object recognized THEN

Adjust robotic arm to pick object
ELSE IF recognition fails

APPLY additional filters and retry object
identification

ELSE
ERROR "Object not recognized, alert operator™
END IF
Place object in designated location
END FOR
RETURN successful task completion

END

Using adaptive optics and Swish Activation in conjunction
with Efficient Net, Algorithm 1 guarantees accurate object
detection, picking, and placement. In order to provide high-
quality visual input, adaptive optics dynamically corrects
image aberrations, while Efficient Net improves image
processing to provide precise object detection.
Performance is iteratively improved by a strong feedback
loop, and operators are alerted by error handling techniques
when objects are not recognized after multiple attempts.
The algorithm is adaptable for intricate warehouse
activities and operates with the energy efficiency of 14.8
watts per hour. This thorough integration demonstrates
how flexible and sustainable it is in transforming robotic
order-picking systems. To handle the visual data, the
Efficient Net model is first initialized by Algorithm 1 using
Swish Activation. The device takes a picture of each object
and uses Adaptive Optics to instantly rectify any
distortions. After processing the image to identify the
object using the Efficient Net model, the robot selects and
positions the object. To ensure accuracy in object
identification and handling, the system uses more image
processing filters and tries if recognition is unsuccessful. If
the object is not recognized by the system, an error is
recorded and operators are notified. This makes order
picking for warehouse automation jobs accurate and
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efficient. Adaptive optics is essential for improving robotic
vision because it can rectify visual distortions brought on
by external elements like lighting and object shapes. It
guarantees crisper, blur-free photos in the study, increasing
object recognition accuracy to 97% and lowering mistakes
to only 2%. Through its integration with Efficient Net-
based imagery and Swish Activation, it accelerates
processing and transforms robotic automation by providing
accurate and effective object handling.

3.4 Performance Metrics

We take into account measures like accuracy, precision,
processing time, robotic arm error rate, and energy
consumption to assess the efficacy of the Swish Activation,
Efficient Net-based imaging, and Adaptive Optics in
robotic order picking and putting. While precision
evaluates the system's dependability in particular
scenarios, accuracy gauges the system's capacity to
accurately detect and put things. Processing time is a
measure of how long it takes to manipulate objects and
recognize images. The number of misplacements is tracked
by the robotic arm error rate, while the system's resource
usage efficiency is monitored by the energy consumption.

Table 1 Performance Table for Swish Activation,
Efficient Net-Based Imaging, and Adaptive Optics in
Robotic Order Picking and Placing

Metric Value Unit
Object Recognition 0.97 %
Accuracy
Object Picking Precision 0.94 %
Image Processing Time 0.1 seconds per
task
Adaptive Optics 0.05 | seconds per
Correction Time task
Robotic Arm Error Rate 0.02 errors per
task
Energy Consumption 14.8 watts per
hour

Key performance metrics for robotic order picking and
putting jobs using Swish Activation, Efficient Net-Based
Imaging, and Adaptive Optics are shown in Table 1. High
system reliability is indicated by the 97% accuracy rate for
item identification and 94% precision rate for object
picking. The system's speed is demonstrated by the fact that
Adaptive Optics correction takes 0.05 seconds and image
processing takes 0.10 seconds per task. With a 2% error
rate, the robotic arm operates with precision. The energy
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consumption is 14.8 watts per hour, indicating that
resources are used efficiently while the device is in
operation.

4. RESULTS AND DISCUSSION

The efficiency and accuracy of robotic order picking and
putting systems have been shown to significantly increase
with the combination of Swish Activation Function,
Efficient Net-based imagery, and Adaptive Optics. With a
precision rate of 94% and an amazing object recognition
accuracy of 97%, the results demonstrate the dependability
of these techniques in actual warehouse settings. The
system speed was enhanced by Adaptive Optics
corrections, which were completed in 0.05 seconds, and an
average picture processing time of 0.1 seconds per task.
The robotic arm was able to insert objects precisely
because to its low mistake rate of 2% and efficient energy
consumption of 14.8 watts per hour. According to these
criteria, combining these technologies optimizes resource
management and performance, revolutionizing robotic
automation for order picking and placing jobs.

Table 2 Comparison of Robotic Automation Methods
Based on Accuracy, Processing Time, Error Rate,
and Energy Consumption

Method | Techno | Accu | Proce | Er | Energy
ology logy racy | ssing | ror | Consu
(%) Time | Ra | mption
(seco | te | (watts
nds) | (% per
) hour)
Andelk | Wareh | 0.85 0.5 0. 15
ovi¢c & ouse 1
Rados | Manag
avljevi | ement
(2018) | System
Baner] 3D 0.92 0.3 0. 12.5
ee et Model 08
al. Genera
(2018) tion
using
Robotic
Arm
and
Depth
Sensor
Mou et | High- 0.95 0.15 0. 13
al. Speed 05
(2021) | Sorting
System
with
Deep

[55]

Learnin
g

Wu et | Vision- | 0.93 0.18 0.
al. based
(2019) | Sorting
Robot
with
DCNN

14

Swish
Activati
on,
Efficien
t Net,
and
Adaptiv
e
Optics

Propos 0.97 0.1 0. 14.8

ed
Method

Different robotic automation techniques are highlighted in
Table 2, which focuses on performance criteria including
accuracy, processing time, mistake rate, and energy usage.
With a low error rate of 2% and superior accuracy of 97%,
the suggested approach utilizing Swish Activation,
Efficient Net, and Adaptive Optics uses 14.8 watts per
hour. In their study, Andelkovi¢ and Radosavljevié (2018)
recorded a greater error rate (10%) and a lower accuracy
(85%). Comparably, larger error rates and lower accuracy
(92% and 95%) are reported by Mou et al. (2021) and
Banerjee et al. (2018). Wu et al. (2019) used DCNN-based
vision sorting to achieve 93% accuracy with a 7% error
rate.

=
—
S w2 = o

T

Percentage

- - | - |
1 2 3 4 5
Methods
® Accuracy (%)
Processing Time (seconds)
Error Rate (%)
Energy Consumption (watts per hour)

Figure 2 Performance Comparison of Robotic
Automation Methods in Order Picking

Based on four key performance metrics—accuracy,
processing time, error rate, and energy consumption—
Figure 2 compares different robotic automation methods.
The suggested method, which uses Swish Activation,
Efficient Net, and Adaptive Optics, shows the lowest error
rate and highest accuracy among the methods, along with a
relatively competitive energy consumption. The methods
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from Banerjee et al. (2018) and Mou et al. (2021) show
lower error rates than the warehouse management system
from Andelkovi¢ (2018) but higher than the suggested
approach. All things considered, the suggested method
provides superior accuracy and efficiency in processing
time while keeping low energy consumption.

Table 3 Ablation Study of Swish Activation, Efficient
Net, and Adaptive Optics in Robotic Order Picking

Configurat | Accura | Processi | Err Energy
ion cy (%) | ng Time | or | Consumpt
(second | Rat | ion (watts
S) e per hour)
(%0)
Swish 0.9 0.14 0.0 13.5
Activation 6
Only
Efficient 0.88 0.18 0.0 14.2
Net Only 8
Adaptive 0.89 0.16 0.0 13.8
Optics 7
Only
Swish + 0.93 0.12 0.0 14.6
Efficient 4
Net
Swish + 0.94 0.13 0.0 14.3
Adaptive 3
Optics
Efficient 0.92 0.14 0.0 14.7
Net + 5
Adaptive
Optics
Full Model | 0.97 0.1 0.0 14.8
(Swish + 2
Efficient
Net +
Adaptive
Optics)

An ablation study of different configurations of Swish
Activation, Efficient Net, and Adaptive Optics for robotic
order picking and putting is shown in Table 3. While each
component increases accuracy on its own, it also has
slower processing speeds and higher error rates. While
Efficient Net alone provides 88% accuracy but requires a
longer processing time (0.18 seconds), Swish Activation
alone delivers 90% accuracy. Accuracy is increased to 93%
by combining Swish Activation + Efficient Net and to 94%
by combining Swish + Adaptive Optics. The best results
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are obtained by the whole model, which combines the three
parts, and has 97% accuracy, 2% error rate, and optimum
energy use.

= = e
= S

Percentage

S ]

Swish  EfficientNet Adaptive Swish + Swish + EfficientNet Full Model

Activation ~ Only  Optics Only EfficientNet Adaptive -+ Adaptive (Swish+
Only Optics Optics  EfficientNet
+ Adaptive
Optics)

Configurations

B Accuracy (%)
Processing Time (seconds)
Error Rate (%)

Energy Consumption (watts per hour)

Figure 3 Ablation Study Graph for Swish Activation,
Efficient Net, and Adaptive Optics in Robotic Order
Picking

Figure 3 presents ablation research that compares various
Swish Activation, Efficient Net, and Adaptive Optics
configurations according to four performance metrics:
processing time, accuracy, error rate, and energy usage.
The whole model exhibits the best accuracy and lowest
error rate by combining all three technologies. When
compared to individual components, configurations such as
Swish + Adaptive Optics and Swish + Efficient Net exhibit
higher accuracy and reduced error rates. The
configurations using Adaptive Optics Only and Efficient
Net Only show higher error rates and slower processing
times. In addition to optimizing energy usage, the complete
model exhibits the most effective overall performance.

5. CONCLUSION

To sum up, the combination of Adaptive Optics, Efficient
Net-based imagery, and Swish activation has shown
notable gains in robotic order selecting and putting. The
integration of these technologies resulted in improved
precision, decreased mistake rates, and expedited
processing durations, rendering the system exceptionally
effective in dynamic and intricate warehouse settings. The
complete model demonstrated its resilience in real-time
operations by achieving an exceptional accuracy of 97%
and the lowest error rate of 2%. By incorporating
reinforcement learning algorithms to enhance robotic
mobility and decision-making processes, additional
advancements might be investigated for the future.
Furthermore, adding quantum computing might improve
the system's capacity to analyze even bigger datasets more
quickly. Improving this model's overall performance and
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dependability will also be possible by extending its use to
a wider range of industrial automation scenarios, such as
those involving various kinds of object sorting and
handling. There is much promise for the future with the
suggested approach that combines Swish Activation,
Efficient Net-based imagery, and Adaptive Optics.
Reinforcement learning allows robots to flexibly adjust to
complicated surroundings, and quantum computing may
make it possible to handle large datasets more quickly.
Increasing its use in collaborative robotic systems and
multi-type object sorting would improve efficiency and
scalability even more. 10T and edge computing integration
can increase real-time responsiveness and increase the
system's ability to react to changing industrial demands.
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