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ABSTRACT

Image recognition is an important branch of artificial intelligence
(AI) and computer vision that enables machines to identify, classify,
and interpret objects, patterns, and features in digital images. It has
become an important technology in modern manufacturing. In
manufacturing, image recognition has become an increasingly
valuable technology because modern factories require high levels of
accuracy, speed, safety, and efficiency. By combining cameras,
sensors, automated production systems, machine-learning algorithms,
and particularly deep learning algorithms, manufacturers can inspect
products, monitor equipment, guide robots, improve worker safety,
and optimize production processes. As manufacturing continues to
move toward smart factories and Industry 4.0, image recognition is
becoming an essential component of intelligent industrial operations.
This paper examines the transformative role of image recognition in
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INTRODUCTION

The concept of image recognition in industrial
robotics is an absolute game-changer for
manufacturing. Image recognition is transforming
manufacturing by giving machines the ability to
interpret visual information and respond intelligently
to what they observe. Image recognition for
manufacturing uses Al and computer vision to
automate quality control, defect detection, and parts
identification on production lines. Traditionally,
many manufacturing inspections were performed
manually. Human inspectors examined products for
defects, checked dimensions, verified labels, and
determined whether finished goods met quality
standards. Although human inspection remains
valuable, it can be affected by fatigue, inconsistency,
production speed, and the difficulty of detecting very
small defects. Image recognition systems provide an
additional level of automated inspection by
continuously analyzing images captured on the
production line. These systems can identify scratches,
cracks, dents, discoloration, incorrect assembly,
missing components, and other defects that may
reduce product quality. Using cameras, sensors,

image classification,
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computer vision, machine learning, and deep learning
algorithms, image recognition systems can identify
objects, detect defects, inspect products, monitor
production processes, and support automated
decision-making. Manufacturers increasingly use
image recognition technology to improve quality
control, productivity, safety, and operational
efficiency [1].

WHAT IS IMAGE RECOGNITION?

Image recognition is a computer vision task that
enables machines to identify objects, people, and
actions in images by analyzing pixel patterns through
neural networks trained on labeled data. It is a
technology that enables machines to interpret and
understand visual data, similar to human perception.
It is a subset of computer vision and employs various
algorithms to identify objects, scenes, and patterns
within images. It enables machines to interpret visual
data and perform tasks that traditionally require
human vision and understanding. For example, an
image recognition system can identify a person in a
photograph, recognize a traffic sign, detect a tumor in
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a medical image, or distinguish between different
species of animals. Image recognition systems allow
computers to learn complex visual patterns from large
datasets rather than relying entirely on manually
designed features. The main model types include
classifiers, object detectors, segmentation models,
keypoint estimators, face recognition systems, and
vision-language models, each suited to different
problems. Figure 1 shows a representation of image
recognition [2], while Figure 2 shows some
professionals working on image recognition [3].

Although image recognition is closely related to
image classification, object detection, and image
segmentation, these concepts have different functions.
Image classification assigns one or more labels to an
entire image, such as identifying an image as
containing a cat. Object detection identifies objects
within an image and determines their locations,
usually using bounding boxes. Image segmentation
divides an image into meaningful regions or identifies
the pixels belonging to particular objects. For
example, an autonomous vehicle may use image
classification to recognize a road scene, object
detection to locate pedestrians, and image
segmentation to distinguish roads from sidewalks.
Figure 3 shows image recognition using bounding
boxes to classify vehicles [3].

To humans, seeing an image means instantly
recognizing familiar shapes, colors, or people. But for
a computer, seeing is completely different; images are
just numbers. How does image recognition work? At
its core, image recognition works by analyzing the
pixels of an image and identifying patterns. This is
achieved through complex algorithms, most notably a
type of computational model called neural network.
Image recognition involves the following stages [1]:
» Image acquisition: The first stage (or the input
layer) involves obtaining digital images from
cameras, smartphones, scanners, satellites,
medical imaging equipment, or other visual
sensors. The images may be photographs, X-rays,
satellite images, or video frames.

» Image preprocessing: After acquisition, images
may undergo preprocessing to improve their
quality and prepare them for analysis. Common
preprocessing operations include resizing,
normalization, noise reduction, and color
adjustments. Preprocessing helps ensure that
images are presented in a consistent format
suitable for the recognition model. Engineers
prepare images for analysis by normalizing the
image, which means scaling pixel values to a
standard range, typically between 01 or -1-1, so
data is consistent and more manageable for

machine learning models to  process.
Preprocessing also includes resizing images,
converting them to grayscale to reduce
computational complexity.

» Feature extraction: This involves identifying
visual characteristics that distinguish one object
or image category from another. Engineers must
select the features that provide the most
meaningful information. Traditional image
recognition systems relied on manually designed
features, such as edges, corners, textures, shapes,
and color distributions. By annotating objects of
interest within images, the models can more
easily recognize and classify specific objects such
as “cat” or “dog.” Precisely annotated data allows
machine learning algorithms to learn the visual
features of each category accurately.

» Encoding for machine learning: Engineers extract
these features and format them into numerical
vectors, making it easier for machine learning
models to process and compare images. Engineers
translate each image into a fixed-length feature
vector, a list of numbers summarizing its
importance. Deep learning methods, particularly
convolutional neural networks (CNNs), have
revolutionized image recognition due to their
ability to learn and extract features automatically
from large datasets. Modern deep learning
systems automatically learn relevant features
from training data.

» Output layer: Finally, the data reaches the output
layer, which consolidates the extracted features
and produces a final prediction. This prediction is
compared to the annotated training dataset to
calculate errors and adjust the network’s weights
for improved accuracy.

When a new image is shown, the computer analyzes
the pixels, detects features, compares them with what
it has learned and outputs a label (e.g., “raccoon’)
with a confidence score (e.g., 94.7%). Figure 4 shows
how image recognition works [4].

IMAGE RECOGNITION IN
MANUFACTURING

Image recognition is transforming manufacturing by
enhancing quality control and operational efficiency.
This technology utilizes advanced algorithms to
analyze images captured during production, allowing
for real-time monitoring and defect detection. It offers
substantial opportunities for improving manufacturing
through automated inspection, defect detection,
process  monitoring, and quality control.
Manufacturing organizations already use the
technology for quality inspection, defect detection,
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equipment monitoring, inventory management,
workplace safety, and robotic operations. Modern
image recognition has advanced considerably because
of deep learning. Earlier machine-vision systems
often depended on manually designed rules
specifying characteristics such as shape, color, edges,
or dimensions. Deep-learning models can instead
learn complex visual patterns from large collections
of labeled examples [1].

Image recognition is a branch of artificial intelligence
that enables machines to identify and process visual
data, such as photos, videos, or live streams. It is
based on image classification and recognition, which
are techniques that assign labels or categories to
images based on their content and features. Image
recognition has many practical applications in
manufacturing, where it can improve quality,
efficiency, and safety. Figure 5 shows a
representation of image recognition in manufacturing

[5].

APPLICATIONS OF IMAGE RECOGNITION
IN MANUFACTURING

The applications of image recognition in
manufacturing include quality inspection, robotic
guidance, predictive maintenance, inventory
management, process monitoring, workplace safety,
production monitoring, and many other industrial
activities. Common applications of image recognition
in manufacturing include the following [1,6,7]:

» Quality Control: One of the most significant
applications of image recognition in
manufacturing is automated quality control.
Manufacturing floors have relied on human eyes
for quality control since the industrial revolution.
But the human eye misses things. It tires after
hours of repetitive inspection. It cannot process a
thousand data points per second. Quality control
is the process of checking the products or
components for defects, errors, or deviations from
the standards. It plays a pivotal role in ensuring
that products meet both industry standards and
customer expectations. Cameras can be positioned
at different stages of a production line to capture
images of products as they are manufactured. Al
models compare the visual characteristics of each
item with established standards or learned
examples. When an abnormality is detected, the
system can flag the product for further inspection
or automatically remove it from the production
line. Figure 6 is a demonstration of quality control

[8].

» Robotic Guidance: Another important application
is robotic guidance and automation. Industrial
robots traditionally operate effectively in highly

structured environments where the location and
orientation of objects are predetermined. Image
recognition gives robots greater visual awareness
of their surroundings. A camera-equipped robotic
system can identify an object, determine its
position, and guide a robotic arm toward it. This
capability supports operations such as picking,
sorting, positioning, assembling, packaging,
palletizing, and material handling. Figure 7 shows
some industrial robots [8].

» Assembly-Line Monitoring: Image recognition can
be used to monitor manufacturing and assembly
operations. Cameras installed along production
lines continuously observe products, machines,
and processes. Computer vision systems analyze
these images to determine whether manufacturing
operations are proceeding correctly. For example,
an image recognition system may verify that all
components have been installed before a product
advances to the next stage of production. It can
detect missing screws, incorrectly positioned
parts, improper labels, or incomplete assemblies.
This application is particularly valuable in
complex industries such as automotive,
aerospace, electronics, and machinery
manufacturing, where a product may contain
hundreds or thousands of components. Figure 8
shows a typical assembly line [8].

» Inventory Management: Another application of
image recognition in manufacturing is inventory
management, which is the process of tracking and
optimizing the stock of raw materials, parts, and
finished goods. Image recognition aids in tracking
inventory levels and managing stock efficiently.
Image recognition systems can identify products,
containers, pallets, labels, barcodes, and other
materials moving through manufacturing and
storage facilities. When integrated with inventory-
management systems, image recognition can
improve traceability and reduce errors associated
with manual record keeping.

» Packaging: Packaging errors can create serious
problems for manufacturers. A product may have
the wrong label, incorrect barcode, damaged
package, missing safety information, or
incomplete sealing. Image recognition systems
can inspect packages automatically as they travel
along conveyor belts. They can determine
whether labels are present and correctly
positioned, whether packaging has been damaged,
and whether printed information meets specified
requirements. When integrated with optical
character recognition (OCR), computer vision
systems can also examine text, serial numbers,
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expiration dates, lot numbers, and other printed
information. This is particularly important in
pharmaceutical, food, beverage, electronics, and
consumer-product manufacturing, where labeling
accuracy can have regulatory and safety

process improvement, improve safety, and enhance
decision-making. Other benefits of image recognition
in manufacturing include the following [1,9]:

» Automation: Image recognition is valuable for
robotics and industrial automation. Robots

implications.

» Worker Safety: Worker safety represents another
important use of image recognition in
manufacturing. Computer vision systems may be
configured to detect whether workers are wearing
required protective equipment, such as helmets,
safety glasses, gloves, or reflective clothing. They
can also identify people entering restricted areas
or approaching hazardous machinery. In
appropriate settings, such systems can provide
warnings before dangerous situations develop.
However, workplace monitoring should be
implemented with clear policies concerning
privacy, transparency, data security, and
appropriate human oversight.

» Smart Factory: The integration of image
recognition with other technologies is helping
create the smart factory. Image recognition can
work alongside industrial robots, the Internet of
things, cloud and edge computing, digital twins,
data analytics, and manufacturing execution
systems. For example, when a visual inspection
system detects repeated defects, production data
can be analyzed to determine whether the
problem is associated with a particular machine,
material, supplier, or production setting.
Manufacturing processes can then be adjusted
based on real-time information. As factories
become increasingly connected and automated,
image recognition will play an important role in
creating manufacturing systems that are more
efficient, precise, flexible, and intelligent.

»  Smart Manufacturing: Image recognition plays an
important role in the broader development of
smart manufacturing and Industry 4.0. Modern
factories increasingly connect machines, sensors,
robots, information systems, and Al technologies.
Image recognition systems can continuously
collect information about products, machines,
workers, and processes. This information can be
combined with data from Internet of things
sensors, enterprise systems, and production
equipment.

BENEFITS

The use of image recognition offers several benefits
to manufacturers. It can improve product quality,
increase inspection speed, reduce repetitive manual
tasks, reduce costs, decrease waste, support
continuous production, provide valuable data for

equipped with machine vision can recognize
objects, determine their position and orientation,
and perform tasks such as picking, sorting,
assembling, packaging, and material handling.
These machines automate inspections,
minimizing human error and increasing
inspection speed. Instead of operating only
according to fixed movements, vision-enabled
robots can respond to variations in objects and
their surroundings. This makes automation more
flexible and useful in  manufacturing
environments where products or components
frequently change.

Cost Reduction: Another major benefit is cost
reduction. Though initial investment in high-
priced image processing technology can be high,
the long-term payoffs are equally large.
Implementing an industrial image recognition
system requires investment in cameras,
computing infrastructure, software, integration,
maintenance, and employee training. The
economic value is especially significant when
image recognition is deployed in processes where
inspection errors or equipment failures are
particularly expensive. In reducing errors, raising
productivity, and reducing downtime, much
valuable cost-cutting and efficiency will be
achieved with this technology. Even more, as
technology keeps advancing and becomes more
affordable, one can expect more deployment in
the manufacturing sector.

Improved Quality Control: One of the most
significant benefits of image recognition in
manufacturing is improved quality control.
Traditionally, quality inspection has depended
heavily on human workers examining products
for defects. Although human inspection remains
valuable, it can be affected by fatigue, distraction,
differences in judgment, and the speed of
production. Image recognition systems can
continuously examine products and identify
defects such as cracks, scratches, discoloration,
incorrect dimensions, missing components, and
improper assembly. This helps manufacturers
maintain more consistent product quality.

» Accuracy and Precision: One of the primary

benefits of Al-powered image recognition in
manufacturing is its ability to detect even the
most subtle defects that may be missed by human
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inspectors or rule-based automation systems.
Whether it is a small scratch on a surface or a
minor misalignment in assembly, Al systems can
analyze images with a level of detail and
precision that surpasses manual inspection. This
leads to higher product quality and fewer defects
making it through to the final stages of
production.

Real-time Analysis: A significant advantage of
Al-powered image recognition is the ability to
conduct real-time data collection and analysis.
These systems not only detect defects but also
provide actionable insights that allow
manufacturers to make immediate corrective
actions. When a defect is identified, production
teams can instantly respond to the issue, whether
by adjusting machine settings, removing defective
products, or making other necessary
interventions. Real-time feedback loop not only
enhances the efficiency of quality control
processes but also helps optimize overall
production performance.

Greater Speed: Another important benefit is
greater inspection speed and efficiency. Modern
manufacturing facilities may produce thousands
of components within a short period. Manually
examining every product can be difficult,
expensive, and time-consuming. Image
recognition systems can analyze images rapidly
while products move along a production line.
Automated visual inspection allows
manufacturers to examine a larger proportion of
their output without creating significant
production delays.

Higher Productivity: Image recognition can also
contribute to higher productivity. When routine
visual inspection tasks are automated, employees
can devote more time to activities requiring
judgment, problem-solving, maintenance, process
improvement, and supervision. At the same time,
automated systems can operate continuously for
long periods. This combination of automation and
human expertise can improve the overall
efficiency of manufacturing operations.

Personalization: As consumer demand shifts
towards mass personalization and custom-made
products, Al-powered image recognition is poised
to play a crucial role in supporting more complex
and personalized manufacturing processes.
Traditional quality control systems are typically
designed for mass production, but AI’s ability to
adapt and learn makes it ideal for customization.

Early Defect Detection: A further advantage is
early defect detection. Discovering a defect at the

end of a manufacturing process can be costly
because additional materials, labor, energy, and
machine time may already have been invested in
the defective product. Cameras positioned at
different stages of production can identify
abnormalities as they occur. Early detection
enables manufacturers to correct problems before
large numbers of defective products are produced.
This reduces scrap, rework, waste, and
unnecessary production costs.

» Predictive Maintenance: Image recognition also
supports predictive maintenance and equipment
monitoring. Visual systems can be used to detect
observable signs of equipment deterioration, such
as leaks, corrosion, abnormal wear, damaged
components, or changes in machine condition.
When combined with other industrial sensors and
predictive-maintenance systems, visual
information can help maintenance teams identify
potential problems before equipment fails.
Preventing unexpected breakdowns reduces
downtime and helps manufacturers maintain
reliable production schedules.

» Improved Worker Safety: Another benefit is
improved worker safety. Image recognition
systems can monitor manufacturing environments
for potentially hazardous conditions. For
example, they may be used to detect whether
required protective equipment is being worn,
identify unauthorized entry into restricted areas,
recognize objects or workers dangerously close to
machinery, and detect certain unsafe operating
conditions. When properly designed with
appropriate privacy and safety controls, these
systems can supplement existing workplace safety
procedures and provide rapid warnings of
hazards.

CHALLENGES

In spite of these significant benefits, image
recognition in manufacturing has several challenges.
Its effectiveness depends on factors such as camera
quality, lighting, image resolution, training data,
system design, environmental conditions, and the
suitability of the recognition model. Challenges
involving cost, data quality, reliability, integration,
privacy, and human oversight remain. Other
challenges of image recognition in manufacturing
include the following [1,6]:

» Implementation Cost: Cost of implementation
represents a significant obstacle, particularly for
small and medium-sized manufacturers. A
sophisticated industrial image recognition system
may require cameras, lighting systems, sensors,
computing equipment, software, networking
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infrastructure, installation, employee training, and
ongoing maintenance. In addition, Al models may
require periodic retraining as products, materials,
equipment, or production conditions change.
Organizations must determine  whether
improvements in quality, productivity, and waste
reduction justify these investments.

Privacy Concerns: As manufacturers increasingly
adopt cloud-based Al solutions, data privacy and
security concerns become critical considerations.
The vast amounts of sensitive data generated
during the quality control process — such as
proprietary product designs, manufacturing
processes, and defect data — must be protected
from unauthorized access or breaches. When
using cloud-based image recognition APIs,
manufacturers need to ensure that their data is
securely stored and transmitted, especially if the
data includes confidential or regulated
information.

Cybersecurity: There are also important
cybersecurity and data-security concerns.
Cybersecurity will become increasingly important
as cameras, robots, sensors, and manufacturing
systems become interconnected. Connected
cameras, edge devices, industrial networks, cloud
platforms, and AI systems can increase the
number of digital entry points within a
manufacturing environment. Unauthorized access
or manipulation could disrupt inspection systems
or compromise  proprietary  production
information. Manufacturers must therefore protect
image recognition infrastructure through
appropriate access controls, network security,
software updates, data protection, and
cybersecurity monitoring.

Image Quality: An important challenge is poor or
inconsistent image quality. Image recognition
depends heavily on the quality of the images
supplied to the system. Blurred images, incorrect
camera angles, insufficient  resolution,
obstruction, vibration, or inadequate illumination
can reduce recognition accuracy. High-speed
production lines make this problem particularly
difficult because products may move rapidly past
cameras. Manufacturers may need high-resolution
industrial ~ cameras, specialized lighting,
appropriate lenses, and carefully designed
mounting systems to obtain images suitable for
reliable analysis.

Training Data: A further challenge is the large
amount of training data required. Deep learning
systems generally require substantial quantities of
representative data to learn how to recognize
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products and defects accurately. Collecting and
labeling manufacturing images can be expensive
and time-consuming. The problem becomes even
more difficult when certain defects occur only
rarely. A factory may have thousands of images
of acceptable products but only a small number
showing a particular dangerous defect. This
imbalance can make it difficult for an Al system
to learn how to identify rare abnormalities
reliably.

» Data Ownership: Who owns the training data and

trained models? Can the vendor use your data to
improve their general-purpose models, or does
your agreement prohibit that? For manufacturers
handling proprietary designs or sensitive quality
information, data ownership and security
provisions matter tremendously.

» Defect Complexity: Defect complexity and

variation also create significant difficulties.
Manufacturing defects can differ greatly in size,
shape, location, color, and severity. Some defects,
such as large cracks or missing components, may
be relatively easy to recognize. Others, including
microscopic fractures, tiny surface scratches,
subtle discoloration, or dimensional irregularities,
may be much more difficult to detect. The image
recognition system must distinguish between
normal manufacturing variation and genuine
quality problems. Figure 9 shows defect detection
[10].

False Positives/Negatives: Another concern is the
occurrence of false positives and false negatives.
A false positive occurs when the system identifies
a satisfactory product as defective, while a false
negative occurs when a defective product is
incorrectly classified as acceptable. Both errors
can have serious consequences. Excessive false
positives can increase waste, reinspection, and
production costs. False negatives may allow
defective products to reach customers, potentially
creating safety problems, warranty claims, recalls,
or damage to the manufacturer's reputation.
Achieving the required balance between
sensitivity and accuracy is therefore essential.

Integration: Integration ~ with  existing
manufacturing systems is another challenge.
Many factories contain equipment installed at
different times and supplied by different
manufacturers. Image recognition platforms may
need to communicate with programmable logic
controllers, industrial robots, manufacturing
execution systems, enterprise resource planning
systems, quality-management platforms, and
other automation technologies. Integrating
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modern Al systems with older machinery can
require customized hardware and software,
increasing the complexity and cost of
implementation.

» Skill Shortage: The shortage of skilled personnel
presents another barrier. Successful image
recognition implementation may require expertise
in artificial intelligence, machine learning,
computer vision, industrial automation, data
engineering, quality control, and manufacturing
processes. Many manufacturers may not have
employees with all these skills. Recruiting
specialized professionals can be expensive, while
training existing workers requires time and
resources.

» Human Factors: Human factors must also be
considered. Employees may be concerned that
automated inspection technologies will replace
their jobs or reduce their responsibilities. Others
may distrust Al-generated decisions, particularly
when the system cannot clearly explain why a
product was classified as  defective.
Manufacturers therefore need appropriate
employee training and change-management
strategies. Image recognition can be most
effective when it complements human expertise,
allowing workers to concentrate on complex
decisions while automated systems handle
repetitive inspection tasks.

» Reliability: Reliability and accountability become
especially important in industries in which
defective products can threaten human safety.
Automotive, aerospace, pharmaceutical, medical-
device, and electronics manufacturing may
require extremely high levels of inspection
accuracy. Organizations must validate image
recognition systems carefully and establish
procedures for human review, documentation,
auditing, and corrective action. Al should
therefore be incorporated into a broader quality-
management system rather than treated as an
infallible replacement for established safety and
inspection procedures.

FUTURE OF IMAGE RECOGNITION IN
MANUFACTURING

The future of image recognition in manufacturing is
closely connected with the broader transformation
toward intelligent and highly automated production.
In the future, advances in Al, smart cameras, robotics,
edge computing, and industrial automation are
expected to make image recognition even more
capable and deeply integrated into manufacturing
processes. Image recognition systems are likely to
become faster, more accurate, and more adaptable.

Future image recognition systems will increasingly
perform continuous inspections at production-line
speeds. High-resolution cameras combined with
sophisticated Al models will detect extremely small
defects such as cracks, scratches, incorrect
dimensions, discoloration, missing components, and
assembly errors. As Al systems improve,
manufacturers will increasingly move beyond simply
detecting whether a product is defective. Intelligent
inspection systems will help classify defects,
determine their severity, identify possible causes, and
recommend corrective action.

Image recognition is helping robots become more
aware of their surroundings and adaptable to
changing manufacturing environments. Future
manufacturing robots will increasingly combine
advanced computer vision with Al to recognize
objects, determine their location and orientation, and
decide how to manipulate them. Advances in artificial
intelligence, deep learning, smart cameras, edge
computing, robotics, digital twins, and the industrial
Internet of things will enable manufacturing systems
to interpret visual information with increasing speed
and sophistication and contribute to increasingly
autonomous smart factories. Organizations that
successfully combine these elements will be
positioned to use image recognition as an important
foundation for the smart factories of the future [1].

CONCLUSION

Image recognition is transforming manufacturing by
giving machines the ability to interpret visual
information and use it in industrial decision-making.
It offers substantial benefits to the manufacturing
industry. It will play a very big pivotal role in the
future of industrial robots and manufacturing. Its
greatest value lies not merely in replacing manual
visual tasks but in giving manufacturers the ability to
observe and analyze production processes
continuously and systematically. By integrating
human expertise with intelligent visual systems,
manufacturers can create production environments
that are more efficient, reliable, flexible, safe, and
quality-focused. As image recognition technology
gets smarter, its impact on manufacturing will
continue to grow. More manufacturers are adopting
these systems to stay competitive, reduce costs, and
deliver higher-quality products.

However, the successful implementation of image
recognition in manufacturing is challenged by
environmental variability, image quality, limited
training data, complex defects, classification errors,
integration  difficulties, real-time processing
requirements, implementation costs, cybersecurity
risks, model maintenance, and shortages of skilled
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personnel. Addressing these challenges requires a
combination of high-quality data, reliable imaging
equipment, robust Al models, secure infrastructure,
skilled employees, continuous monitoring, and
appropriate human oversight. As image recognition
technology continues to develop, overcoming these
limitations will enable manufacturers to use
intelligent vision systems more effectively while
maintaining product quality, operational efficiency,
and safety. By embracing Al-powered image
recognition, manufacturers can stay competitive in an
increasingly automated industry, where precision and
speed are key drivers of success.

REFERENCES
[1] https://chatgpt.com

[2] R. Golemanova, “What is image recognition?
Technology, applications, and benefits,” March
2025,
https://imagga.com/blog/what-is-image-
recognition-technology-applications-and-

benefits/

[3] T. Mucci, “What is image recognition?”
November 2024,
https://www.ibm.com/think/topics/image-
recognition

[4] M. Timothy, “What is image recognition AI?
Algorithms and applications,” June 2025,
https://blog.roboflow.com/image-recognition/

[5]

[6]

[7]

(8]

[9]

[10]

https://www linkedin.com/posts/trueidofficial _i
risrecognition-manufacturing-innovation-
activity-7199735279253938177-fTld

“Image recognition for manufacturing: 2026
guide,” May 2026,
https://aisuperior.com/image-recognition-for-
manufacturing/

“What are some practical applications of image
recognition in manufacturing?”’
https://www.linkedin.com/advice/3/what-some-
practical-applications-image-pce7c

“How Al-powered image recognition APIs
enhance quality control in manufacturing,”
September 2024,
https://medium.com/@ API4 Al/how-ai-
powered-image-recognition-apis-enhance-
quality-control-in-manufacturing-1f6d0709af1a

“Image recognition in industrial robots: The
future of manufacturing,”
https://thesiliconreview.com/2024/08/image-
recognition-in-industrial-robots-the-future-of-
manufacturing

https://www.aicerts.ai/news/how-quality-
defect-recognition-systems-slash-
manufacturing-waste/

Figure 1 A representation of image recognition [2].

@ IJTSRD | Unique Paper ID —IJTSRD142187 | Volume—10 | Issue—5 | Sep-Oct 2026

Page 1203



International Journal of Trend in Scientific Research and Development @ www.ijtsrd.com eISSN: 2456-6470

e

(R BRRRE Y

.-_..H

Figure 3 Image recognition using bounding boxes to classify vehicles [3].
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Figure 4 How image recognition works [4].
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Figure 5 A representation of image recognition in manufacturing [5].
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Figure 6 A demonstration of quality con‘t.rol_[é].“
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Figure 9 Defect detection [10].
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