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Introduction

Meat processors have long worked to optimize their oper-
ations. Historically a cyclical business characterized by lean 
margins, meat processors find it necessary to keep costs low 
and optimize profit per animal harvested to remain viable.

Optimization in meat processing has been achieved through 
a combination of ongoing initiatives. Worker specialization 
(Crespi and Saitone, 2019), by limiting the number of different 
tasks each person is responsible for, has made meat plant op-
erations efficient and fast. Engineering of facility layouts and 
management of maintenance schedules have increased uptime 
and productivity. New technologies, like beef carcass grading 
camera imaging systems (Moore et al., 2010; Gray et al., 2012; 
Emerson et al., 2013), have been adopted to improve carcass 

value assignment and utilization. Warehouse inventory man-
agement systems, branding for premium products, and cus-
tomer relationship management software all help meat packing 
facilities improve profitability.

Automation has also played a role in the optimization of 
meat processing. Poultry evisceration and deboning as well 
as chemical stunning of poultry and hogs have been success-
fully automated in commercial settings (Barbut, 2014). Beef 
and pork carcass automated splitting equipment has been 
developed for commercial use as well as automated carcass 
chilling. Even cut inventory management has reaped the bene-
fits of automation (Barbut, 2020). Furthermore, commercially 
available modes of pork and lamb fabrication equipment are 
already accessible in the meat processing market (Frontmatec 
2021a, 2021b); proof that automation has already made an in-
delible mark on the meat industry.

Additional optimization through automation via ro-
botics, however, has been limited due to technical challenges. 
Traditional robotics excels when the task (and all its inputs) 
are consistent and predictable; for example, picking and pla-
cing parts of known size and shape. Animal carcasses and meat 
subprimals are not so consistent. Both shape and size vary, 
particularly in larger animals like beef (Boykin et  al., 2017; 
Tarakji, 2018) making the application of robotic automation 
very challenging (Choi et al., 2013). Greater progress has been 
seen in automating fabrication of smaller and more uniform 
species, such as poultry or lamb, and in secondary processing, 
such as cutting chicken nuggets, as the variation the technology 
must overcome is decreased (Barbut, 2014; Barbut, 2020).

Carcass variation isn’t the only technical hurdle slowing the 
automation of meat animal carcass fabrication. Automated 
systems must keep pace with rapid line speeds and maintain 
high yields, all while ensuring food safety and occupational 
safety. Moreover, space within meat processing plants often is 
at a premium. Facility expansion or long downtimes for instal-
lation increase the cost of implementing new technology and 
slow down adoption.

In addition to technical challenges, other factors, such as 
labor costs and workforce shortages, also impact the cost-benefit 
analysis for automation of meat processing. Not surprisingly, re-
gions of the globe with higher labor costs, particularly Australia 

Implications

•	 The long-standing challenges to automation of meat 
processing, particularly the variability of meat prod-
ucts, are being solved by advancements in artificial in-
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and Europe, have made greater investments and seen more 
progress in meat processing automation. In the United States, 
escalating labor shortages and the COVID-19 pandemic have in-
creased meat processors’ interest in automation (Byington, 2020). 
Companies around the world are now stepping up and leading 
efforts to develop and implement automation. They are ready to 
usher in the next level of optimization to meat processing.

Next Phase of Automation: Artificial 
Intelligence-Driven Automation

Perception, decision-making, and action
Every robot within an autonomously automated system has 

to do three things: perceive its environment, make decisions 
based on those perceptions, and act on its environment based 
on those decisions (Zahariev and Valchkova, 2019). During 
previous phases of automation, engineering effort focused on 
actuation and building the hardware to perform tasks where 
perception and decision-making are relatively easy. An ex-
ample where automation has succeeded with limited percep-
tion and decision-making is in machine-tending where a robot 
picks a raw product part from a known location, fixtures it in a 
computer numerical controlled machine, and retrieves the com-
pleted part when the operation is finished. The exact size and 
shape of the part is known at all steps, simplifying the percep-
tion aspect, and the sequence of moves is identical on every 
repetition, reducing the decision-making load.

The newest phase of automation works to automate tasks 
where the challenge is not as much actuation but perception 
and decision-making. Perception and decision-making is ac-
complished by the automation’s software using artificial intel-
ligence. Artificial intelligence is, “the art of creating machines 
that perform functions that require intelligence when per-
formed by people (Kurzweil, 1990).”

In the context of meat processing, artificial intelligence al-
lows the automated system to be responsive to the variation 
between different carcasses and subprimals. Using AI-driven 
software, an automated system can not only perceive differ-
ences, but also use those perceptions to make decisions about 
how to act. The use of AI allows for the automation of tasks 
that require intelligent decision-making, such as identifying 
and sorting subprimals or deciding where to trim surface fat on 
a particular cut of meat.

This is not to say that hardware doesn’t matter. Robotic 
arms, end effectors, and other pieces of equipment remain crit-
ical components of automation. The increasing availability of 
high-quality robots at competitive prices as well as advance-
ments in this equipment, such as the decrease in robot size rela-
tive to its strength, are making automated systems technically 
and economically more feasible for the meat industry (Tedrake, 
2021). Sensors, cameras, and other hardware components that 
are ruggedized to withstand the cold, wet, sanitized environ-
ment of the plant are also critical for AI-driven automation 
systems. Yet, the major new capabilities of automated systems 
will be the result of advancing the software “brains” to improve 
the system’s decision-making and actions.

A new level of optimization
First evaluation of AI-driven automation seemingly fo-

cuses on a reduction in the number of workers required by a 
facility (Jackson et al., 2020). While this is one benefit, particu-
larly for facilities facing significant labor shortages, it’s just the 
beginning.

Big data for meat processing.  So far, big data use is a missed 
opportunity for many meat processing scenarios. Massive 
amounts of data are generated each day in high-volume facil-
ities, but it is rarely captured and aggregated in a meaningful 
way for real-time decision-making. An AI-driven automated 
system collects data for the perception and decision-making 
components of its task. Once collected, this data can also be 
analyzed for application to the optimization of other areas of 
the operation or to suggest process improvements that further 
maximize the processing capacity of existing assets.

For example, AI-driven automated systems in meat pro-
cessing might collect data about the amount of fat covering a 
subprimal, the weight and dimensions of a subprimal, whether 
or not there is contamination, or the identity of a specific 
product packaged into boxes (Figure 1). The real-time weight 
and dimensions of a subprimal might first be captured to help 
direct it to the correct workstation, but this real-time data 
might then also be applied to decisions directing the trimming 
and fabrication of the subprimal to reduce the number of lost 
yield opportunities and optimize the use of variable subprimals. 
Eventually, this data on size and dimensions could be tied back 
to the live animal production practices (e.g., genetics, nutrition, 
growth technologies, etc.) leading to further optimization of 
livestock production programs.

Big data can create a real-time, high-level viewpoint. Systems 
can begin to identify patterns in the data, including patterns 
humans might miss or only sometimes pick up (LeCun et al., 
2015). With this vantage point, management has more robust 
and exact data for decision-making, helping them drive their 
operations to the next level of optimization. This path to greater 
optimization is made more exciting by its seemingly low cost. 
Once an automated system is installed and the data has been col-
lected, the cost to develop and apply analytical tools is minimal.

Quality assurance.  Meat processors who implement tech-
nology driven by AI will also achieve greater consistency in 
product quality. AI-driven automation systems are being de-
signed to produce products exactly to specification every time. 
These systems might also inspect package integrity, identify 
products that need to be reworked to meet specifications, or 
allow for verification that the correct product was shipped to 
the target customer. Such systems will not suffer from fatigue-
induced errors or mistakes (Salonen and Haavisto, 2019), 
providing an opportunity to advance quality assurance and 
improve profitability.

Worker safety.  Artificial intelligence-driven automation in-
creases worker safety. Improvements in worker safety are 
not simply a result of  fewer workers in the facility. Rather, 
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automation can be used to augment the more strenuous, re-
petitive, and dangerous tasks of  human workers (Figure 2). 
As workers transition to roles supervising the technology, 
the likelihood of  cuts, punctures, and repetitive motion 
injuries should decrease. The big data collected by artifi-
cial intelligence-driven automation may also generate in-
sights that further improve worker safety (Howard, 2019) 
which may enhance both employee satisfaction and worker 
retention.

Fabrication redesigned.  AI-driven automation allows for the 
rethinking of  the meat animal carcass fabrication process. 
Tools and equipment are not limited by human dexterity, con-
cerns of  bodily injury, or strength limitations. Different cut-
ting tools, changed orientations, cuts made on the away side 
of  the subprimal, even multiple cuts made in unison, are all 
possibilities. Unlike traditional automated systems, AI-driven 
automation introduces the possibility of  a single robotic tool 
performing multiple tasks.

Why AI-driven Automation Succeeds

AI-driven automation has advantages that extend beyond 
the ability to overcome technical challenges. These advantages 
likely help drive adoption by the industry.

Low risk implementation
AI-driven automation can be implemented incrementally. 

“Small” hardware, such as cameras, tablets, or monitor screens, 
as well as the software components of the system, might be in-
stalled ahead of large hardware which may impact the facility’s 
floor plan. Facility staff  can train and become familiar with 

Figure 1. Automated computer vision technology identifying product for final boxing.

Figure 2. Process operator supervising an automated production system. 
(Image Credit: James Galione).
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Figure 1. Automated computer vision technology identifying product for final boxing.

the installed components. This approach lowers the risk of dis-
ruption to existing operations during installation and allows 
meat processors to “trial” the system. Once the reliability of the 
software components has been proven, more substantial equip-
ment can be installed.

Immediate value-add
Value for the meat processors can begin as soon as some 

components are installed. Value can be captured from the 
collection and analysis of  data. The first components in-
stalled also likely begin to provide a small measure of  assist-
ance to workers. Workers whose workloads have been eased 
by the automated system can be reassigned to other areas 
of  a production facility that are currently understaffed, or 
workers can move to value-added tasks not yet ready to be 
performed by AI.

System improves over time
Because many AI-driven automation systems will in-

corporate machine learning components, these systems will 
learn from past performance and improve their accuracy 
over time. Software updates can also improve the per-
formance or even expand the capabilities of  an automated 
system without the downtime required for a new equipment 
installation.

Ability to meet processor constraints
Meat processors point to several constraints that tech-

nology, including automated systems, must fit within for 
adoption. Available space, line speeds, downtime require-
ments, and the impact of  the technology upstream and 
downstream are all concerns for processing managers. 
Artificial intelligence helps automation act within these 
constraints. In particular, software with the perception and 
decision-making abilities for multiple tasks can be attached 
to a single, dexterous robotic arm allowing it to perform 
more than one task. This increases the likelihood new sys-
tems can be built to fit within the constraints of  existing pro-
cessing operations.

Reduced costs
Building one system that performs multiple tasks will also 

help lower the cost of  AI-driven automation. In general, a 
single system performing multiple tasks will be expected to 
contain less hardware than a set of  systems in which each 
performs a single task. Less equipment decreases the time 
and space required to install the system, lowering implemen-
tation costs. Fewer parts reduce maintenance time and re-
placement costs. AI-driven systems can also improve without 
incurring new equipment costs through updates to the soft-
ware components. While the software needed for AI-driven 
automation will originally be costly to build, the long-range 

outlook suggests that such systems will ultimately be less ex-
pensive than alternative approaches.

The Path to the Next Level of Optimization

Gradual implementation
AI-driven automation systems will first augment human 

labor rather than immediately removing all workers from a 
task. The system will perform some physical labor or add 
some better decision-making capacity, thus allowing the 
worker to expand their production capacity or optimize their 
time and resource use. The AI-driven system will also learn 
from its human companions. In such a manner, Tyson’s com-
puter vision system tracking poultry inventory augments 
the work done by human workers. Rather than tracking in-
ventory manually, workers now confirm the accuracy of  the 
system. The workers’ feedback has helped the system refine 
it’s algorithms to the point it is 20% more accurate than 
manual processes (Castellanos, 2020).

Gradually, AI-driven automation systems will take on more 
decision-making and transfer additional components of a task 
from the human companion to the automated system. It is 
likely the value of such a system will gradually increase as the 
system takes on more of the task for the worker or continues 
to increase its accuracy. Therefore, while AI-driven automation 
has value from its first installation, it likely reaches its full po-
tential over time.

Rethinking ROI
Calculating ROI as equal to reduced payroll costs often 

severely underestimates the actual return of  an AI-driven 
automated system as it ignores productivity gains and other 
sources of  return. As AI-driven automation is implemented 
into meat processing, a holistic view of  the return on invest-
ment will need to be adopted to account for the full value of 
such systems.

Asset utilization
Labor shortages sometimes lead to meat processing facil-

ities running below capacity. Recently, facilities were report-
edly operating six days a week to produce the same output 
as a five day schedule due to understaffing (Crews, 2021). 
AI-driven automation can help more fully utilize existing as-
sets by decreasing the likelihood of such slowdowns. Through 
improved analytics to better predict maintenance needs or by 
operating without breaks for vacations or sick leave, it might 
also reduce facility downtime. Consequently, improved asset 
utilization likely contributes to the return on investment for 
AI-driven automation.

Value capture
Labor availability sometimes impacts the product mix pro-

duced at meat processing facilities. With the introduction of 
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AI-driven automation, workers from the automated area can 
be redeployed to tasks that help produce value-added prod-
ucts. The ability to capture additional value by producing 
products with optimal profitability contributes to the system’s 
return on investment.

Increased sustainability
Well-designed and carefully implemented AI-driven auto-

mation can help stabilize meat processor operations, providing 
greater security for all stakeholders in the meat supply chain: 
from the producers, to the processors, to the consumers, and 
to government agencies seeking to secure the food supply. Such 
automation offers a chance to improve the sustainability of 
meat processing across all three pillars: social, economic, and 
environmental.

Improved health and safety and better working conditions 
for laborers in meat processing facilities can advance the social 
sustainability of  meat processing. Jobs at meat processing fa-
cilities are not only unfilled because of  an insufficient work-
force availability, but also because of  the often challenging 
nature of  the work along with the less-than-desirable condi-
tions (i.e., refrigerated environment) which makes the posi-
tions difficult to fill.

When jobs at meat processing facilities go unfilled, it can 
impact processing capacity and be destabilizing for the en-
tire meat industry. Reduced processing capacity creates 
an increase in cattle supply, and puts downward pressure 
on fed cattle prices. Concurrently, decreased beef  produc-
tion, in conjunction with strong consumer demand, causes 
rising beef  prices, widening the spread between cattle and 
beef  prices (Aherin, 2021). Slowdowns at meat processing 
facilities during the COVID-19 pandemic had this effect. 
AI-driven automation can stabilize the industry for its many 
stakeholders and increase the economic sustainability of 
meat processing by reducing the number of  slowdowns that 
result from unfilled and reluctantly filled positions at meat 
processing facilities.

AI-driven automation also has the potential to introduce 
additional efficiencies that further promote the stability and 
sustainability of meat processing operations. Increased consist-
ency of output should reduce the amount of product needing 
to be reworked, reducing the associated cost and resource use. 
Decreased labor needs and increased stability of the facility’s 
workforce should also decrease training time and expenses as 
well as decrease overtime payments.

The environmental pillar of sustainability can be advanced 
by AI-driven automation through opportunities to decrease 
waste and add efficiencies that better use resources or reduce 
energy needs. Waste reduction may occur through a reduc-
tion in the need to rework products or improved package de-
fect detection that decrease the amount of packaging material 
waste. The facility operator can also improve efficiency without 
needing to add employee and training cost, by providing task 
oriented robotic automation to areas that may be less critical, 
yet present an opportunity for adding value. An example of a 

value-added, energy saving sustainability task would be in hot 
fat carcass trimming.

Hot fat trimming removes fat from interior and exterior 
locations of  the carcass shortly after slaughter before it enters 
the cooler. By removing fat destined for rendering while it is 
still warm, the facility avoids applying energy to chill the fat 
in the cooler, and then to reheat it for rendering. An AI-driven 
robot focusing on just the abdominal fat could remove any-
where from 1.5% to 4.0% of  hot fat from a carcass (Holland, 
2013); on a beef  carcass weighing 400 kg, that would equate 
to 6–16 kg. of  hot fat that can be removed prior to chilling. 
Implementing and consistently performing hot fat trimming 
reduces energy consumption of  processing facilities and 
lowers energy costs.

Changing mindsets, engaging with new stake-
holders, and seizing opportunities

Facility managers can often find themselves in 
“firefighting mode,” dealing with only the most imme-
diate and intense problems. Decisions to implement new 
equipment, then, often focus on solving a single pain point 
or bottleneck and putting out the biggest fire of  the day. 
However, one AI-driven automation system has the po-
tential to bring a new level of  optimization and enhanced 
decision-making to multiple areas of  a facility, from the 
fabrication floor all the way to the board room. As a result, 
time spent planning for system integration and developing 
high-level and long-range objectives for AI-driven automa-
tion yields a strong return. Meat processors will need to take 
on a new mindset and approach that separates the pursuit 
of  AI-driven automation from traditional equipment pur-
chase decisions.

Close alignment between the inventors of  AI-driven 
automation and the end-users of  the system starting early 
in the development process will be necessary to create sys-
tems that have a game-changing impact for the industry 
and fit into existing operations. Connections between 
major pain points, minor annoyances, and missed profit 
opportunities need to be mapped out and shared with the 
developers of  AI-driven automation systems. Developers 
will need opportunities to collect data and metrics from 
meat processing facilities in order to both design and train 
AI-driven systems.

The processors who decide to engage early with the com-
panies and startups building this technology will have the 
most say in how the technology is developed, what prob-
lems it prioritizes, and how well it integrates into existing 
operations. These meat processors will have recognized the 
opportunities AI-driven automation presents and the ad-
vantages of  having the solutions that emerge tailored to 
their operations.

The difference between pursuing AI-driven automation 
and making traditional equipment purchases is not neces-
sarily intuitive. More education for those in the meat pro-
cessing industry about the opportunities and challenges 
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presented by AI-driven automation is needed. In add-
ition, some of  the expertise to fully realize the potential of 
AI-driven automation for meat processing will likely need 
to be brought in from outside the meat industry.

Building the right teams
Introducing AI-driven automation to meat processing 

depends on siloed knowledge being shared outside the 
usual channels. It will take traditional meat scientists and 
processing facility experts with a deep knowledge of  meat 
processing working with engineers and developers who 
have expertise in the cutting-edge artificial intelligence and 
automation technologies used in other industries. These ex-
perts will need to come together with a curiosity to learn 
from one another and a willingness to share their particular 
expertise.

However, engineering and scientific expertise is not 
enough. AI-driven automation is powered by software. As 
such, a talented and dedicated group of  software developers 
is needed to integrate the knowledge of  each industry and 
hardware expert into a durable, secure, high-performing 
software system ready for the rigors of  meat processing fa-
cilities (Figure 3). The software architects will also need 
to bring their own expertise to the team, particularly in 
cybersecurity. As AI-driven automation is implemented, 

it is likely that pieces of  equipment will need to communi-
cate with one another and with cloud services. As a result, 
the security of  the software against cyber attacks must be 
thoughtfully considered starting early in the development of 
AI-driven automation. Successful teams that will lead the 
development of  next-level meat processing optimization and 
automation will bring all this engineering, software devel-
opment, and meat science expertise together with a business 
team who understands the meat processor as a customer, 
and a skilled leadership team that knows how to build, scale, 
and maintain a technology company.

Summary

The long-standing challenges to automation of  meat pro-
cessing, particularly those presented by the variability of 
meat products, are being solved by advancements in artificial 
intelligence technology, rather than advanced mechanical 
engineering. As a result, the next generation of  automation 
will be a software-focused product rather than a hardware-
focused product. Meat processors can achieve a new level of 
optimization with the help of  this technology. However, the 
technology must be evaluated through a strategic lens that 
looks beyond reduced labor costs and accounts for the add-
itional opportunities for return on investment and advance-
ment of  the meat industry.

Figure 3. Meat scientists, engineers, software developers, and technology business leaders must collaborate on the development of AI-driven automation for 
meat processing.
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