
Smart Agricultural Technology 3 (2023) 100079

Available online 18 June 2022
2772-3755/© 2022 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-
nc-nd/4.0/).

Digital Twins: A novel traceability concept for post-harvest handling 

George Dyck a, Eric Hawley b, Kurt Hildebrand b, Jitendra Paliwal a,* 

a Department of Biosystems Engineering, University of Manitoba, Winnipeg, Manitoba, Canada 
b AGCO Corp., Winnipeg, Manitoba, Canada   

A R T I C L E  I N F O   

Keywords: 
Digital twin 
Grain elevator 
Post-harvest 
Monitoring 

A B S T R A C T   

Digital Twins are a novel approach to systems engineering that can help control complex environments and 
interface humans with them. This is achieved by digitally mirroring a physical asset to provide historical data, 
monitoring, and predictions of future states. While there are a few applications of Digital Twins to agriculture, 
none exist for post-harvest grain handling. However, there have been past attempts at integrating computer 
assistance in grain quality, called expert systems. These systems were largely abandoned due to their inability to 
keep operators in the loop and the inadequacy of sensors available during the time of expert systems research. By 
utilizing Digital Twins and modern post-harvest sensors, operators can be provided with a digital representation 
of inventory and the quality of grain as it moves throughout a facility. This virtual representation also presents a 
unique opportunity to enhance market traceability. This review focuses on (1) expert systems, their history, and 
limitations, (2) the history of Digital Twins and their applicability to grain storage and handling, (3) unit op
erations and the sensors that are common to grain handling facilities, (4) mathematical and computer models to 
simulate grain handling operations, and (5) a conceptualization of post-harvest Digital Twins, which identifies 
research gaps where critical questions should be answered if Digital Twins technology is to be considered a 
logical contender for traceability of commodities post-harvest.   

1. Introduction 

Roughly 12% of the Earth’s ice-free land is currently utilized to grow 
crops [1]. Most of these crops are grains and oilseeds which are pro
cessed and amalgamated, off farm, into food, feed, fuel, and fibre. While 
some products can be traced to local sources, most processed products 
are shipped and consumed by global markets, resulting in a loss of 
transparency to the consumer. Due to concerns around the health and 
safety of food products and the environmental and ethical factors that 
surround their manufacturing, there is a growing desire for market 
traceability and to remove the “food from nowhere” mentality. 

In the past two decades, many countries have enforced regulatory 
policies to highlight the importance of traceability of agri-food supply 
chains. Traceability in this context can be defined as “…the ability to 
trace and follow a food, feed, food-producing animal or ingredients, 
through all stages of production and distribution” as in the EC regulation 
178/2002 [2]. The United States has the Bioterrorism Act of 2002 [3], 
which outlines the need for food traceability and a Food Safety 
Modernization Act is currently in the works, which will clearly articulate 

rules for food traceability. Canada’s Safe Food for Canadians regulations 
were updated in 2019 to require food businesses to track the movement 
of their food. In Europe, the General Food Law was updated in 2002 to 
incorporate traceability. The International Organization for Standardi
zation (ISO) also produced Standard 9000/9001 which concerns 
implementing traceability and quality management systems. 

The common characteristic between all these acts and standards is 
the “one step up and one step down” rule, where information on where a 
commodity came from and where it went needs to be documented. 
Traceability of food products is globally seen as essential to the food 
industry. Currently, there is no legal requirement to implement larger 
internal and external traceability (going beyond the one-step rule). As 
technology develops and as the demand for consumer safety, confi
dence, and knowledge increases, a more encompassing framework for 
traceability will be developed to provide proper traceability and 
communication [4]. These small changes in consumer interest and de
mand can significantly impact the supply chain regarding fluctuation in 
inventory and orders; this phenomenon is the bullwhip effect and 
appropriately can be managed by sharing information along the supply 
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chain [5]. To achieve this information sharing, Regattieri et al. [6] 
suggest a general framework, which should be developed on four pillars: 
product identification (physical characteristics), data to trace (infor
mation to manage), product routing (product life along the supply 
chain), and traceability tools (technology like radio-frequency 
identification). 

Developing traceability for country elevators is imperative as they 
are an essential step in the food supply chain. These elevators act as an 
aggregator for many farmers. By their nature, they sort and blend 
products from different suppliers and perform complicated handling 
steps (drying, cleaning, disinfesting, etc.), before moving these products 
to regional or international markets or on to further processing. 
Furthermore, the quality of grain is dynamic, changing as it moves along 
the supply chain through various unit operations and changing over 
time through the continuous development of new cultivars and the 
yearly expression of traits, which are influenced by farm management 
practices, genetics, and climate. 

Digital tracking of grain properties at the elevators began in the early 
1980s with an intention to manage grain quality information and utilize 
it for decision-making purposes. Unfortunately, many of these systems, 
called expert systems, lacked sensors to assess/visualize the inventory 
and grain quality in real-time, making these expert systems more pre
scriptive than reactive. Due to their lack of real-time data, expert sys
tems were never conceived as traceability tools for post-harvest 
handling. Research into grain elevator traceability is on-going with de
velopments in the larger supply chain [7], internal operations such as 
blending [8], internal handling data management operations such as 
transfer, aggregation, and storage [9], case studies of such a data 
management system [10], the impact of internal inventory management 
on efficiencies, economics, and other operational attributes [11], and 
application of specific grain traceability standards [12]. To address the 
essential need for information access and security within the supply 
chain, researchers have also studied the possibility of using blockchain 
technology to allow for the transference of secure data in agriculture. A 
significant literature review of blockchain technology in the agri-food 
supply chain was conducted by Zhao et al. [13]. 

More recently, Digital Twins (DTs) have found success in the 
manufacturing market. DTs can create a digital representation (or 
twinning) holding historical data of the agricultural commodity, which 
some have suggested can be passed securely onto other steps in the 
supply chain using blockchain technology [14]. While DTs are more 
reactive than expert systems due to bi-directional communication, it is 
still important to capture expert decision making in order to automate 
and present the information to the human component in an 
easy-to-comprehend manner. As such, we include in this review the 
history of expert systems research in order to guide the design of DT 
systems. To apply DTs towards solving grain elevator inventory trace
ability Regattieri’s general framework could be applied. For elevators, 
the four pillars to traceability are to (1) track the grain’s physical 
characteristics, (2) map its movement, (3) monitor the quality changes 
over time, and (4) organize all such information. Due to DTs ability to 
integrate sensors, models, visualize data, and offer control insights, they 
are well suited to organize the physical characteristics of grain, its 
movement, and how the quality determining parameters change over 
time. Additionally, DTs could extend beyond the one step rule, capturing 
information and connecting it to each aspect of the grain supply chain 
(seed industry, farmer, elevator, ingredient processors, food manufac
turers, distributors, and retailers) [7]. 

The ever-increasing demands for higher quality agri-food commod
ities combined with a need for operational sustainability and trace
ability have pushed elevators to do more in terms of increased 
throughput and tighter control over safety. As such, grain elevators have 
seen continued replacement of manual labour with advanced electro
mechanical systems that can handle millions of bushels of grain. The 
technology driving grain handling operations has also continued to 
mature, moving past general storage guidelines, dryer settings, and 

handling loss factors towards advanced static and in-flow technologies 
capable of real-time monitoring of grain quality as it moves through a 
facility. Despite technological advancements, many of the value prop
ositions remain industrially unproven. As such, the adoption of the most 
modern post-harvest precision agricultural technologies is still relatively 
low, and elevators are grappling with a mix of new and legacy tech
nologies spanning several decades and manufacturers. This conundrum 
of old and new technologies and practices creates little consensus on the 
best ways to optimize grain facilities and confusion as to what can be 
considered state-of-the-art. Due to their ability to monitor and simulate 
physical assets and their current success in manufacturing and control, 
we believe that DTs are at the bleeding edge for grain facility optimi
zation and can be considered a novel approach to designing grain 
traceability tools. As such, this paper’s primary objective is to explore 
the current applicability of DTs to solving grain traceability issues by 
drawing upon the historical advancements of DTs in the agricultural 
sector. At the same time, we intend to contextualize how grain handling 
DTs fit into the picture of current developments in the grain industry by 
exploring the history of expert systems, sensors, and modelling ap
proaches that contribute to the wide distribution of available technol
ogies. Finally, we aim to synthesize these technologies to offer a 
conceptual picture of the future grain facility. For clarity, this paper does 
not intend to identify the specific problems DTs solve in grain handling 
systems, it only intends to reveal the availability of models and sensors 
that could be used in DTs to address traceability issues. 

2. Expert systems 

Expert systems were developed from the research of Edward Fei
genbaum out of his Heuristic Programming Project and were an early 
application of artificial intelligence (AI). The peak research interest 
occurred in the 1980s, with billions of dollars being invested in the field 
[15]. Expert systems were an attempt to digitize domain-specific 
expertise. As such, a well-designed expert system replaces the depen
dence on human experts to apply knowledge to solve problems [16]. As 
an early AI technology, expert systems operated using symbolic logic, 
developed from knowledge extracted from experts to create facts and 
rules. The system took in data and output suggestions, decisions, and 
relevant knowledge, which could be used for many purposes: interpre
tation, prediction, diagnosis, design, planning, monitoring, debugging, 
repair, instruction, and control [17]. 

By the middle of the 1980s, there were suspicions whether general 
expert systems could replace the expert. Some difficulties from these 
early attempts at expert systems were from a purely technical perspec
tive citing issues with knowledge acquisition and translation [18], their 
“brittle nature,” or lack of adaptiveness [19,20], issues with coupling 
complex software and dedicated hardware [16], whereas others were 
from a philosophical perspective concerning the actual ability to capture 
human expertise on a subject, in other words, the general epistemo
logical assumptions of expert systems [[21]]. By the mid-2000s, AI 
technologies had experienced the boom and bust and re-emergence of 
research, with varying degrees of success in building an expert system 
[15]. The literature reflects this, with as many as eleven distinct ap
proaches to creating expert systems [22]. 

The term expert system was never completely removed from the 
lexicon. As AI shifted to use fuzzy logic and statistical methods, new 
tools like machine learning algorithms and big data expert systems that 
would attempt the digitization of experts by processing large amounts of 
data [23–25,20]. Expert systems became helpful for deep and specific 
applications with these new approaches and tools, but not the general 
intelligence [26]. Early expert systems were described as “brittle,” with 
abstraction being a difficult operation because they operated on strict 
rules that had been programmed into a series of “IF…THEN…” state
ments and subroutines. With this being said, the new machine learning 
algorithms, specifically artificial neural networks (ANN), have their own 
difficulties. For example, training and data acquisition were 
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time-consuming and produced results that were difficult to interpret and 
came without thorough explanation or justification [27]. By incorpo
rating machine learning into expert systems, the individual weaknesses 
of both could be overcome [28]. The two main approaches were a hybrid 
model, achieved by merging old and new approaches, or a standalone 
machine-learning algorithm inferring their own rules from data, also 
called a connectionist expert system [24,27,25]. These new types of 
expert systems were the focus of much research when the popularity of 
AI was low and had many applications from the 1990s to the present 
day. 

The synthesis of ANN and traditional expert systems created an 
excellent application for specific – i.e., narrow– environments with the 
ability to have significant and accurate – i.e., deep– data sets. Early at
tempts of these new expert systems were diverse: fault analysis [29,30], 
medical diagnosis [31,32], financial market analysis [33,28,34], elec
tronic control [23], and agriculture [35–38]. Liao’s [22] survey of 
expert systems from 1995-2004 devotes a section to ANN approaches. 
Finally, in recent years this same approach has been applied to predic
tive maintenance [39], material properties analysis [40], and agricul
ture [41,42]. Today, there is an unprecedented ability to apply these 
expert systems because of the increases in machine learning techniques, 
data acquisition, and computing power. 

Agriculture, specifically oil and cereal crops, were one of the many 
industries that attempted to apply expert systems to various subjects of 
research and field operations. At the height of expert systems research, 
in the 1980s, there were considerable publications in the area, including 
pre-harvest crop and farm management [43,44], natural resource 
management [45], agronomy [46], as well as several literature reviews 
of the topic and viable applications [[47–49]]. More specifically, there 
was an interest in expert systems in grain storage and what they could 
offer to different facilities. White [50] writes about the application of 
expert systems to stored-grain research and reminds the reader that 
expert systems must be an interdisciplinary subject, bringing together 
many models, knowledge, and approaches to problem-solving from a 
wide variety of perspectives that together can describe the complex 
ecosystem of stored-grain: He suggests three main applications of expert 
systems, “… (1) diagnostic systems; (2) simulation delivery systems, and 
(3) large-scale systems that integrate different types of knowledge such 
as simulation models, expert opinions, and objective information.” Some 
existing applications of these systems relate to human hazards [51], 
grain management in facilities [52], but the majority are for pest and 
fungi control [53–61,57]. These works point to the grain industry’s in
terest in knowledge systems to help organize and systematically improve 
operational efficiencies centred on handling and preserving grain 
quality. The modern application of machine learning in agriculture is 
extensively reviewed by Liakos et al. [41]. 

The review in expert systems shows that some of the expertise of 
grain handlers can be incorporated into a digital infrastructure and that 
some aspects of traceability, notably modeling grain quality throughout 
a facility, can be achieved. However, facility optimization, fault 
handling (spoilage events, plugs, etc), and even some routine tasks (bin 
entry, cleaning, equipment inspection, etc), can involve decisions that a 
designed expert system is unable to solve without extensive modifica
tions. In those situations, the grain handler’s ability to resolve issues will 
be constrained by their awareness of the site and possible solutions. By 
providing virtual-physical connections, operators can achieve the high 
levels of situational awareness required to identify issues, as well as 
utilize powerful simulation tools to provide solutions. 

3. Digital Twins 

The new research field of DTs attempts this cyber-physical fusing, of 
physical and virtual objects, to track and improve assets and processes. 
Currently, there is no one clear definition of what a DT is or should be 
[62–65]. The original white paper, developed over 15 years ago, out
lines three elements that are still present in most state-of-the-art 

descriptions: (i) a physical product in real space, (ii) a virtual product in 
virtual space, (iii) connections of data and information that tie the vir
tual and the physical products together. There is a bi-directional flow of 
information between the first two elements, mediated by the third. 
However, the recipient of the information from the virtual asset is not 
always automated control systems but can be humans who can then 
make the decision on how to act on the physical asset. These elements 
create an up-to-date digital representation of a physical asset capable of 
informing processes that shape and build the material object, creating a 
two-way relationship between the physical and the virtual [66]. Some 
sources will recognize an extended definition of the physical asset to a 
potential or a past object [65]. It is agreed upon that there is a fourth 
essential element for constructing most forms of DTs capable of intelli
gent feedback: data. 

The first occurrences of DTs could be traced back approximately half 
a century ago, during the National Aeronautics and Space Administra
tion’s (NASA) Apollo missions. The organization built two identical 
space vehicles: one would be sent into space carrying the crew, while the 
second would safely sit on earth mirroring the space-bound twin unit. 
Having two identical units allowed the earth team to support the space 
crew and equipment with more detail and assurance, referencing what 
was made, and this was most notably used on the nearly devastating 
Apollo 13 mission [64]. This was long before the advent of computers 
with drafting and 3D rendering abilities. In 2004, Dr. Michael Greives, 
while working with NASA, published a white paper that would take this 
original physical twin into the digital realm, which he named DTs [66]. 
This idea would remain unused for a decade because of computing 
limitations, but interest was aroused again, predominantly among Chi
nese factories in the mid-2010s [64]. His original application was 
directed toward production quality for factory-made products with 
emphasis on managing the product throughout its life cycle. Now, 
modern DTs have been extended into many other applications by large 
companies such as General Electric, International Business Machines 
Corporation (IBM), Siemens, and Microsoft [64]. Both industry and 
academia have begun studying and developing DTs to understand and 
refine complex systems’ control [63]. There exist a number of works 
published on industrial application of DTs. These publications can have 
specific case studies, for example, within the specific context of the 
automotive industry: additive manufacturing performance [67], and 
flexible assembly systems [68,69]. Other publications study case studies 
in a more general environment: predictive maintenance by calculating 
“remaining useful life” of machinery equipment [70], simulation of 
material removal by laser [71], and DT generated data sets for machine 
learning application [72]. 

Some examples of DTs in agriculture include arable farming, dairy 
farming, greenhouse horticulture, organic vegetable farming, plant pa
thology, livestock farming, food supply chain, farm machinery/building 
and fleet management, and apiaries [73,74,65]. Pylianidis et al. [73] 
produced a review of DTs in agriculture, documenting 28 cases. They 
observe that most other disciplines’ applications of DTs are to non-living 
assets, and a living organism is a complex and dynamic system that will 
interact directly or indirectly with its physical twin asset. Currently 
existing DT solutions provide only hardware and software to monitor 
and affect mechanical operations for optimization, preventative main
tenance, and offer monitoring for the current states of a system and 
historical data on operations. These systems look at the mechanical as
pects of a system and fleet management but do not offer any grain in
ventory twinning. Some partial internal traceability management 
systems for grain elevators have been studied, most thoroughly in the 
Ph.D. work by Laux [11] and Thakur et al. [9]. This being said, their 
practices still do not adequately “twin” an elevator’s inventory as a DTs 
would. On the other hand, there exists impressive early work on trace
ability of high valued horticultural products. An artificial mango was 
used to model thermal changes using mechanistic models which lead to 
clearer supply chains and less storage and transport losses [75]. There 
also exists more general work discussing sensors, statistical techniques, 
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computational statistics, physics-based models, and AI, which is focused 
on estimating commodity changes at different stages in the supply chain 
using DTs [14]. 

The recent rise of DTs in the agriculture sector is partly due to 
modern precision agriculture and automation which uses distributed 
data to optimize farming outputs [65]. The new “smart farming era” is 
thoroughly discussed by Klerkx et al. [76], along with other sources 
discussing the historical impact of automation on Canadian grain ele
vators [77], big data in agriculture [78], as well as AI and DTs’ benefits 
to operations and ethical impacts on workers [79]. Future DTs will act as 
a central means of farm management and post-harvest activities by 
supplying operators with digital representations of assets that are 
continuously updated using state-of-the-art sensors. 

4. Modern post-harvest technology and directions 

The definitive aspects of DTs, as stated above, are a physical asset, a 
digital representation of the asset, connections between the physical and 
digital, as well as data. For such a twinning between the physical and the 
digital, there must be sensors for the physical to inform the digital, 
models for the digital to provide insight into the physical asset, as well as 
data structures and frameworks to organize the inputs and outputs of a 
DT. This section focuses on current standards and state-of-the-art tech
nologies available to grain handling and storage that could be applied to 
a DT. 

4.1. Overview of grain elevator processes 

The basic operations can be broken down into three major types: 
input, throughput, and output. Input is the receival of grains, and this 
process consists of a shipment of grains arriving at the elevator, usually 
via truck or train car. The weight of the shipment is recorded, and 
samples are taken to be analyzed for moisture content, dockage, along 
with other parameters. If the grain is accepted, the truck will unload 
their contents, head back to the weigh-station, and receive a receipt of 
the sale, which is also kept for the elevator’s inventory management. 
Following the input operations, throughput processes include scalping, 
cleaning, drying, aerating, sizing, polishing, cracking, storage, move
ment, and blending. Based on the laboratory analysis of the grain, the 
delivery might need to be cleaned or dried, which are operations that 
elevators can usually perform. The grain is then transported around the 
facility using multiple conveyance techniques before being diverted into 
appropriate storage bins. Post-harvest storage sensors are often 
employed to monitor the conditions (moisture and temperature) of the 
grain to ensure safe storage as well as sensors to detect the movement 
and actual bulk inventory within the elevator. Workers’ experience or 
safe-storage guidelines are often used to help predict quality changes in 
the inventory and guide blending decisions. Prior to the sale of grain, 
blending is performed to combine grains of different properties (grade, 
protein content, etc.) into more specific products for a buyer. Finally, 
output is the process of moving grains with specific agreed-upon prop
erties (between buyer and seller, with standards and vocabulary defined 
by governments) out of the facility. Grain is typically carried out on 
trucks, train cars, or boats [80]. 

4.2. Inventory and supply chain management 

The usual method to track inventory is through weight scale tickets 
and logging entering/exiting weights. Beyond this, cables can help ele
vators measure approximate grain heights in a bin, and some volume 
sensors exist, but commonly workers will strike the side of the bin to 
determine the level of grain acoustically, or a tape measure can be used 
to measure the distance from the top of the bin to the surface of the 
grain. These methods are labour intensive, subject workers to dangerous 
environments, and are very inaccurate. 

There is a great deal of guesswork in the modern elevator’s inventory 

management based on scale, initial bulk density, and moisture readings, 
all measured during a rushed intake environment during peak seasons. 
These readings are the basis of inventory tracking and have some serious 
implications. First, when selling grain, the buyer will purchase a specific 
type of grain with a specific quality. As such, elevators need to avoid: (1) 
selling grain that is higher quality at a lower grade rate, and (2) the 
shipment being rejected due to quality lower than what was agreed 
upon. These problems occur because a mixture is generated from com
ponents of high- and low-quality grain or grain dockage. The amount of 
each component affects the end quality of the mixture. If the proportions 
added are incorrect or if the rate the components draw from each bin is 
incorrect, the resulting end-product will fail the desired quality targets. 
Therefore, for the elevator to precisely track the quality of grain being 
sold, or aggregated through the blending process, accurate inventory 
sensors should be used to monitor grain quality and rate of flow. 

A few sensor technologies can be used to track changes in grain and 
can be organized into three categories: bin level sensors, flow sensors, 
and identification sensors. They can work synergistically to achieve a 
better picture of grain operations within an elevator as each focus on 
different aspects of inventory management. Moreover, they are designed 
for grain elevators and other bulk solids and liquids, which are 
researched and developed mostly by industry. The first and most com
mon are bin-level sensors. Commercially, there are many such solutions 
available such as dry material rotary paddle level, radio frequency 
capacitance, capacitance proximity, vibratory, pressure-sensitive dia
phragm, tilt switches, single and multi-axis laser sensors, acoustic 3D 
imaging, and non-contact radar [81–83]. Research has been conducted 
on the ability of laser sensors to determine the volume of grain that had 
irregularly shaped surfaces. It noted issues such as interference of dust in 
the headspace of the bin, field-of-view obstructions (especially when 
grain’s cone exceeded the eave height), and lengthy processing time that 
could not be automated and would interfere with operations [84]. The 
industry has also documented that ultrasound and other non-contact 
sensor systems have difficulties in a dusty grain silo environment. 
Often mechanical tools such as a weight and cable system, sometimes 
called a “plumb-bob,” can provide low-tech and reliable readings if the 
grain surface is not irregular [83]. Such cable systems’ error in doc
umenting grain inventory has been studied; factors that influenced error 
were grain topology, variation in bin diameter, errors in measuring bulk 
density, smaller bin diameters, and shallow bins [84]. It should be noted 
that most of the sensors mentioned measure dimensions or the volume of 
stored grain. These measurements cannot simply be converted to mass of 
grain, as the bulk solid will undergo a gradient of packing within a grain 
silo because of its weight, and mathematical models are needed to 
convert volume and initial bulk density to grain mass [85–88]. 

Besides these standard grain-level technologies, more experimental 
sensors have been developed for bulk solid fill-level measurement. For 
example, a novel fill-level sensor modernizes the common “knocking” 
technique used to guess the fill-level of silos at grain elevators to mea
sure grain height, although in the context of general bulk solid storage 
[89]. This approach acoustically stimulates the silo and will relate this 
sound data to a fill-level. This approach was further investigated using 
machine learning to process the acoustic data generated by the process 
[90]. Two advantages of this acoustic approach are that it lacks the 
typical interior silo retrofitting needed with other sensors as they are 
mounted on the outside. This means the system does not interact with 
the bulk solid particles or dust, which can cause interference and dam
age to sensors. Another machine learning application uses radar back
scattering signals to measure bulk material quantity in grain silos. Radar 
is used because of its non-dispersible nature, which allows for operation 
in dusty environments. More antennas were needed to obtain an accu
rate measurement of the surface, which increases the complexity of 
calculations. To overcome these computational difficulties, machine 
learning was applied [91]. There are commercial electromagnetic im
aging systems that determine grains’ moisture content that can also be 
used to measure cone angle, grain height, and volume. Such systems 
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have the potential to be used for stored grain inventory management 
[92,93]. 

Flow sensors are rarely found in the context of a grain elevator fa
cility but could provide valuable information on inventory handling. A 
review of the sensing technologies for harvesters’ grain yield monitoring 
systems was created by Chung et al. [94]. This work looked at various 
mass flow and volume flow sensors for rice, wheat, corn, barley, and 
sorghum. Research was also conducted on the accuracy of combine yield 
monitoring systems within a controlled laboratory environment, which 
could be an appropriate study to apply to a grain elevator setting [95]. 
The instruments studied were specifically applied to the clean grain 
elevator on a combine; thus, many potential error sources could be 
reduced when applied to a grain facility. The use of infrared flow rate 
sensors in conjunction with ANN has been shown to significantly reduce 
the error in mass flow readings [96]. Furthermore, work on using lasers 
to measure the flow rate of grains out of a sliding gate, which would 
function very similar to a grain elevator’s manually controlled “rack and 
pinion” gate was accurate for flowrates up to 5 kg s− 1 or approximately 
8.5 bu min− 1 [97]. Within the context of DTs, these types of sensors 
could offer valuable information for monitoring operations, enhanced 
grain localization within a facility, and in recording historical data of 
operations and destinations. 

Identification technologies are a relatively new type of sensing mo
dality that would be useful to track the location and real-time movement 
of specific lots. Quick response (QR) codes are matrix bar codes on 
which data is encoded. An automotive company initially developed it to 
track vehicles during manufacturing and display relevant information 
unique to the item on which it was attached. This technology has found 
itself in many applications, one of which is grain handling traceability. 
Liang et al. (2013) printed QR codes on a food-safe pill-size tracer, 
treated them with various food-safe coating materials and subjected 
them to “ruggedness tests” to determine readability before and after 
[98]. Such “information-carrying tracer particles” could be used in a 
traceability system for internal and external inventories. Liang et al. 
(2019) further developed an automatic system to separate QR tracers 
and read data referenced on them [99]. 

Another identity technology that can be employed to track inventory 
management is radio-frequency identification (RFID), which is a tech
nology that contains digital data that radio waves can capture. RFID 
chips hold information can be placed on containers to identify its con
tents by a reader or can added into the bulk solid itself, which can be 
extracted at a later stage and can be made to be food safe. A thorough 
review of the implication of RFID technology on supply chains was 
produced by Sarac et al. [5]. This resource specifically notes the benefit 
to inventory management and common inaccuracy issues these systems 
run into, such as transaction errors, shipment errors, delivery errors, 
inaccessible inventory, and misplacements. This technology’s applica
bility to bulk solid inventory management and traceability has been both 
proposed and experimentally studied in the context of continuous 
granular flows, specifically ore iron pellets on a conveyer belt, which is 
analogous to grain handling systems [100]. RFID is a promising tech
nology for grain handling systems because radio waves do not require a 
line of sight as QR codes do. In the context of grain, RFID has been 
specifically applied to tracking grain properties such as seed variety, 
pesticide application, disease, storage history, moisture changes, for the 
purpose both of economic and supply chain traceability [101], food 
security and grain theft [102], warehouse efficiency in non-profit, hu
manitarian, or disaster supply chains for food [103]), as well as the 
humanitarian and economic impact of subsidizing RFID for poorer areas 
[104]. 

Finally, there exists an innovative industrial solution developed by 
SafeTraces called miniDart to address the complex issue of traceability 
of agricultural products. Their process creates a lot-level DNA tag which 
is then applied to the agricultural product, which can be associated with 
specific information about the lot. These DNA tags are flavourless and 
FDA-GRAS (Generally Recognized As Safe); in approximately 25 

minutes, tags can be processed and information gathered about the lot. 
In the context of an elevator these tags could be applied to grains to track 
movement within the facility as well as in the larger context of the 
supply chain [105]. 

4.3. Post-harvest safe storage sensors 

A grain bin is a complex ecosystem where many interacting living 
and non-living factors can change the state of the stored commodity and 
thus requires close monitoring [106]. Several properties of the 
ecosystem can be tracked to determine if a grain bin is at risk for 
spoilage. The most common sensor systems found within a grain bin are 
temperature and relative-humidity sensors embedded at evenly spaced 
“nodes” in cables hung down from the top of a grain bin, which can 
report on the temperature and moisture content of the grain [107]. 
Another standard sensor system is a weather station, which monitors the 
ambient temperature and humidity of air used in the aeration process 
and can be in conjunction with cables to automate drying systems [108]. 
Grain also respires when it is in a bin, and some CO2 sensors have been 
designed to detect changes above normal respiration, which could 
indicate mould or insect damage [109]. Other tools include insect traps 
that can detect an infestation, either via manual counting or in an 
automated way [108]. 

While the above sensors are the most used in industry, electromag
netic imaging systems [93,110] have been introduced to the market and 
show considerable promise for 3D moisture detection and inventory 
management. Other grain quality sensors in development include (1) 
fiberoptic temperature and humidity sensors for spoilage detection and 
laser sensors to estimate the risk of dust explosions [111], (2) hyper
spectral imaging and machine vision to assess foreign material, disease 
symptoms, or fungi [112–114], (3) nanosensors for detecting and 
identifying the source of spoilage [115,116], and (4) AI-optimized PID 
controllers for dryer systems [117]. 

4.4. The role technology plays in shaping the grain and industry, past and 
future 

As shown historically by Martin [118], the advancement of grain 
storage technology has had a profound effect on what the agricultural 
commodity can be: something that can be both leveraged for credit as 
well as sold. More specifically, the research documents the roles ware
house receipts (record of stock), moisture measurements devices, dryers, 
aeration technology, and other advances in agriculture had in trans
forming agricultural commodities into financial assets, i.e., fit for 
collateral and credit. Today, elevators can borrow finances based on 
their inventory status through warehouse receipts, which provides the 
elevator with stock validation and connects the elevator with credit. 
During this process, grain audits are essential to establish the truthful
ness of these receipts, as grain inventory fraud has been a long-standing 
issue, as documented by Martin [118]. There are governing bodies that 
complete these inspections according to national standards developed 
over the years. 

With elevators adopting more of the technologies described above, a 
better understanding of inventory could be used to prevent an over- 
valued (i.e., fraud) or an undervalued inventory. Integration of these 
technologies at each step in an elevator can enhance the traceability of 
food products by revealing the quality changes as they are operated on 
in a facility (e.g., moisture change, fumigation application, etc.) as well 
as better trace the aggregation of grains sold to market. If history repeats 
itself as in Martin’s [118] descriptions, these enhanced traceability and 
auditing technologies may also drive the way legislation and consumer 
perspectives evolve around the grain market. Continuous lobbying for 
traceability by government and consumers may lead to increases in 
elevator transparency, eventually removing the ‘food from nowhere’ 
mentality. 
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5. Post-harvest models 

A grain elevator can be seen as a manufacturing process; there are 
inputs of materials, throughputs that change properties of materials, and 
outputs of a final material with specific properties. Historically, DTs 
have been theorized to be applied to manufacturing processes to help 
optimize and track individual products, identify anomalies, and allow 
corrective/remedial measures to be taken in real-time, all of which 
greatly enhance traceability of the processes [66]. Models are compo
nents of a DT that are used to describe processes in a system that forecast 
future states and help to interpret the implications of current states. 
Thus, to keep track of grain quality throughout an elevator and to sup
port decision making, a model’s input and output must be integrated 
into the DT. This section discusses some existing models that could be 
integrated into a grain elevator DT. 

5.1. Discrete event simulation 

Popular frameworks for modelling flow in supply chain processes are 
discrete event simulation (DES) and system dynamics [119]. These are 
two different ways of representing the flow of an asset within a system. 
DES is a more common modelling technique for grain storage, as re
flected in literature, because of its ability to create items with properties 
that undergo discrete events within a system in time. A supply chain 
traceability program for grain currently exists: AgGateway’s Commodity 
Automation by Rail and Truck (CART) utilizes a DES approach to grain 
supply chain management [12]. In the post-harvest grain environment, 
DES has been used to investigate many processes: optimization of single 
pit elevator grain intake [120], input-output and throughput activities of 
grain elevators [121,122], design of ethanol production facility terminal 
[123], decision support systems for capacity planning [124], and 
on-farm sale and grain transportation systems to elevators [125]. 

There has been some research on the compatibility of DES with DTs, 
as the systems share some common characteristics. Though work is 
needed to integrate the systems, such as allowing real-time sensor data 
to influence the DES (i.e. twinning), generally it is seen that DES is 
compatible with a DT project, although more research needs to be done 
[126,127]. Case studies of factory settings have demonstrated that DES 
can be one of the many models that make up a DT [128–130]. Therefore, 
DES simulations developed for the post-harvest grain industry could be 
used as a DT component model. While DES allows for the flow of com
modities through a facility to be simulated, other models should be 
employed to account for how a commodity’s properties change under 
various procedures. 

5.2. Drying models 

Drying is an essential operation in an elevator that changes the 
properties of grain. To begin, drying of grain has three main types of 
equations: equilibrium, non-equilibrium, and logarithmic [131]. Ertekin 
et al. [132] have done a comprehensive review of popular equilibrium 
and logarithmic models used to describe thin-layer drying and include 
more than 100 different semi-theoretical and empirical drying models. 
The work also comments on when it is appropriate to apply a model. A 
limitation of this publication is that it does not mention non-equilibrium 
models, which use partial differential equations to model the change in 
moisture content and temperature. Cenkowski et al. [131] discuss the 
seminal research in the field discussing several non-equilibrium equa
tions, including cross-flow, concurrent-flow, and counter-flow models. 
These models would be highly applicable to a grain elevator’s forced 
air-drying systems. In addition to this, they also discuss important work 
on equilibrium and logarithmic models. Since that review’s publication, 
some models have expanded in scope, such as modelling hysteresis’s 
role in drying, specifically in canola and buckwheat [133,134]. A 
comprehensive review of modelling drying processes can be found in 
Ramachandran et al. [135]. 

5.3. Packing models 

During storage of grain, the weight of the bulk mass causes 
compression and changes bulk density throughout the bin. The most 
common mathematical model to describe pressure distribution is Jans
sen’s work conducted in 1895, which was translated into English by 
Sperl [136] and included all the original apparatus figures with updated 
tables and graphs. These models have been applied to grain packing and 
bin design. There is much work needed to be done on bulk material 
packing, which would benefit inventory calculations. However, some 
research exists on packing: error analysis of stored grain inventory [84], 
correlating overburden pressures with packing factors various com
modities [137]. Research of this topic has also yielded an Excel packing 
program WPACKING [87], and empirical equations investigating pack
ing in hard red wheat [88], soybeans, sorghum, oats, barley, and wheat 
[86]. The American Society of Agricultural and Biological Engineers 
(ASABE) also has published guidelines for predicting packing in various 
grains [85]. While relating pressures to packing, there are also many 
modifications to Janssen’s original pressure model to develop its 
applicability to the grain mass itself. Janssen’s equation is used to 
calculate a “worst-case scenario” for the outer boundary layer to 
determine bin structure design, so the emphasis is on safety, not the 
accuracy of internal pressures. There is work by Zhang et al. (1998) that 
looks at the radial distribution of pressure within a bin, which improves 
on Janssen’s assumption that the ratio of lateral to vertical pressure is 
constant throughout the bin and includes a small literature review of 
other developments to the theory [138]. 

5.4. Blending models 

Fundamentally grain blending is an optimization problem, and 
outside of the specific agriculture literature, there is a wealth of research 
conducted on investigating “general blending problems” using linear 
programming, mixed-integer programming, and metaheuristic algo
rithms etc., which have been reviewed by Li et al. (2014) from the 
context of grain blending [139]. The preservation of grain traceability 
throughout the blending operations of grain elevators was first studied 
by Thakur et al. [8]. In this work, they developed an optimization model 
capable of increasing traceability of grain in an elevator during aggre
gation of multiple loads. This model balanced levels of aggregation with 
blending cost, which was achieved by moving grain across the fewest 
number of storage bins. The work also reviewed mathematical blending 
research that included optimization of coal blending, bulk grain 
blending while minimizing the operational cost, loading, transportation, 
inventory management, and optimal grain blending and segregation for 
protein content. Since the publication of Thakur et al. [8], a few more 
studies have been conducted on a variety of related topics. Firstly, an 
optimization model for blending amino acids in soybeans to create 
specific protein orders while balancing cost and risks associated with the 
operation [140]. Secondly, an application of a genetic algorithm and 
differential evolution to simulate mixing wheat from different grain bins 
to maximize profit for farmers [141], which was adapted from appli
cations of evolutionary algorithms to grain blending [139]. 

5.5. Flow models 

The movement of grain within an elevator is unique to each elevator. 
Still, when considering grain movement in an elevator, the control point 
of the flow rate is the discharge out of a grain bin. The discharge of a 
free-flowing granular material through a circular orifice has long been 
known through Beverloo’s equation to be a function of mass density and 
diameter of the hole [142]. However, these properties are complex in a 
grain bin. Density changes with packing effects, moisture content, 
commodity type, among other factors. Unloading phenomena such as 
ratholing, bridging, clogging, etc. affect the flow rate. Finally, rack and 
pinion sliders are most often used to discharge grain and the shape of 
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this orifice is more complex, likely being of semi-circular or rectangular 
geometry. While the Beverloo equation has been widely used for many 
years, it has also been extensively modified. Saleh et al. [143] have put 
together a thorough review of such modifications and additional models 
to describe the gravity flow of free-flowing granular solids in silos, 
covering flow patterns, stress fields, velocity profiles, exit mass flow 
rates, resistance time distribution, and segregation. These types of 
equations can be integrated into DTs to simulate unloading scenarios. 

6. Conceptualizing post-harvest digital twins 

Currently, there is an increase in global demand for traceability 
regarding monitoring quality, food safety, biosecurity, or even GMO 
status [9].  As grain moves along the supply chain, its traceability is 
reduced, resulting in a disconnect between consumers and producers. 
Grain elevators are well-positioned to trace the origin of samples and 
track spoilage, contaminates, and all unit operations that occur on their 
inventories. With continued advances in smart farming, grain elevators 
could be further digitized by utilizing state-of-the-art sensors to measure 
temperature, moisture, and inventory, with cables and electromagnetic 
imaging being already available in the market. Other commercial solu
tions for inventory could also be extended to larger supply chains. Bin 
Master and Ronin have developed a laser aided inventory system that 
continually measures stock levels and uses daily transactional infor
mation pulled from elevator input and output scale readings [82,144]. 
Greenstone has created an agribusiness software called CLINCH that 
creates information on financials, inventory, and transactional flows and 
has real-time inventory tracking that has identity preservation, lot 
number tracking, and contains many supply-chain tools [145]. Ganar
aska Systems Inc. has created a system that takes weight and moisture 
readings to accomplish inventory tracking, shipment management, 
address booking, market data, and traceability [146]. There is also a 
terminal elevator in Mariupol, Ukraine, developing software based on 
the importance of traceability and explicitly noting the EC regulation 
178/2002 and ISO 9001 as a starting point for the project [147]. The 
Mariupol elevator notes that available software focuses on inventory 
management while ignoring information on grain quality. By combining 
real time grain quality sensors with inventory management platforms, 
they theorize that their system will improve decision-making, providing 
information on the inventory that extends beyond the quantity of stored 
grain, including transportation acceptance, weighing, sample selection, 
unloading and placements, and shipment. 

With the push towards improving traceability comes an increase in 
intensively monitored throughput as well as increased demand on 
equipment and personnel performance. In an already stressed labour 
market, there will be a need to simplify the control of these facilities to 
achieve these aims. Early expert systems aimed to provide increased 
automation by reducing the steps to perform a unit operation to the sum 
of the experience of experts. However, these systems moved the oper
ators too far out of the loop, resulting in difficulties to achieve the 
situational awareness required to resolve issues not accounted for by 
expert systems. On the other hand, DTs focus on accurately representing 
the state of the physical assets so the end-users can digest and use 
expertise (including data, models, and history) to simulate possible 
future states. New insights may be gained by aggregating results from 
multiple facilities (in space and time) across commodity types and log
ging operator actions, simulations, and actual grain quality properties. 
Many of these insights can inform handling strategies or equipment ef
ficiencies; moreover, they may reveal quality changes at farm, elevator, 
and export levels that are unrecognizable under the current level of 
monitoring. Furthermore, combining a grain elevator DT with current 
farm digital agriculture tools could generate a complete traceability 
story for domestic animal feed and seed grain, and a partially complete 
picture of human consumption up to the gate of food manufactures. To 
go beyond the “one step rule” and complete the bridge from the elevator 
to human consumption, a further DT would need to be developed and 

implemented at these sites and during transportation. With a complete 
picture of seed to plate, consumers can gain more awareness of their 
foods’ health and environmental implication, removing the “food from 
nowhere” problem and help shift consumer interest away from high CO2 
producing products. 

It is important to note that DTs do not prioritize complete autonomy 
and must instead prioritize the interaction between the operator and the 
DT. This interaction is challenging, as modern grain elevators can have 
many sensors cobbled together on equipment sold by distinct companies 
that do not easily integrate. This can result in complex control rooms 
managed by multiple users operating on shifts, who still require frequent 
feedback with floor employees for information that current sensors 
cannot provide. Furthermore, many sensors suitable for grain quality 
monitoring (internal chemistry, contaminates, grade, etc.) are prohibi
tively expensive to place at all critical control points or are still in 
research stages and not commercially available. Many early DTs may 
consist of incomplete information at the desired scale for facility opti
mization. Despite this, partial information from manual monitoring and 
laboratory work is already standard at grain elevators and can provide 
valuable data for DTs. While it does not offer real-time control decisions, 
those data can still be used to support the traceability of grain retroac
tively and can serve as starting conditions for many DES, drying, or 
blending models. The variable sources of data (manual or sensors) that 
can occur at distinct times (real-time or retroactive) pose some diffi
culties for users to gain a high level of situational awareness of their 
physical assets. Much like later expert systems, combining expertise 
with AI may overcome these problems by helping operators learn from 
partial information scenarios and develop models from plausible what-if 
scenarios. More advanced DTs will learn from data and decisions and 
when coupled with more reliable sensors for grain quality measurement 
in flow, may eventually lead to facilities with high levels of autonomy. 

As the next logical research step, we intend to develop a DT for a 
pilot-scale elevator in order to explore specific problems in applying 
sensors and models into a DT framework. In this facility, we intend to 
create a monitoring and simulation toolset that will allow users to 
visualize inventory, predict shape and density changes, and run drying 
scenarios. Users will be able to gain insight into the current state of their 
asset and query hypothetical handling scenarios that can be validated on 
site. By working with grain handlers, these hypothetical scenarios could 
mirror real-world blending and logistics problems, further refining the 
toolset. Additional research will also extend this DT to include in-flow 
sensors, adding information on grain internal quality as it undergoes 
changes due to handling. At this state, a true picture of grain quality 
traceability will become available to consumers, while also enabling the 
creation of mathematical models to optimize unit operations. As 
increased data and user scenarios are assessed and iterated upon, 
additional improvements to the interface as well as increased automa
tion of the facility will become possible. 
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