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a b s t r a c t 

This paper presents a literature review and interview study exploring the opportunities and hurdles when imple- 
menting Artificial Intelligence (AI) in agricultural businesses. Three sectors in agriculture are scrutinized: arable 
farming, milk production and beef production. As a foundation for the project, a literature review revises former 
research on smart farming. Thereafter, an interview study with 21 respondents both explores the susceptibility 
and maturity of smart farming technologies and provides technical depth to three chosen applications of AI in 
agriculture. Although the focus of the study is on the Swedish context, the findings can be generalized to the 
European agricultural sector and even world-wide. Findings of the study include a diverse set of aspects that both 
enable and obstruct the transition. Main identified opportunities are the importance smart farming has on the 
strategic agendas of several industry stakeholders, the general trend towards software technology as a service 
through shared machinery, the vast amount of existing data, and the large interest from farmers towards new 

technology. Contrasting, the study identifies main hurdles as technical and legislative challenges to data own- 
ership, potential cybersecurity threats, the need for a well-articulated business case, and the sometimes lacking 
technical knowledge within the sector. The paper concludes that the macro trend points towards a smart farming 
transition but that the speed of the transformation will depend on the resolutions for the identified obstacles. 
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. Background 

Agricultural businesses face a vast number of simultaneous chal-
enges. Shrinking marginals, complicated pan-European regulations and
xternal, as well as internal, demands to mitigate their environmental
ootprint are all examples of requirements to be met. As a response, sev-
ral different techniques are proposed to meet the needs of farmers. Even
hough farming has been developing technologically for centuries, the
1st century offers a wide range of technological possibilities that could
eeply affect the future of farming. One of them is Artificial Intelligence
AI). 

AI is to a large extent responsible for the smartness in smart farm-
ng. The term ‘smart farming’ constitutes a wide scope and demanding
xpectations. In this paper, smart farming is defined as the system of
ata driven tools for decision support in one or several parts of a farm’s
roduction, not restricted to nor limited by the agricultural sector they
elong to. Smart farming could enable increased yield volumes, miti-
ate the workload for farmers, contribute to climate change adaptation
nd future-proof farming for the coming centuries. With this in mind,
mart farming is expected to affect several areas within the agricultural
ector. To mention a few, some trained AI models are implemented to
∗ Corresponding author. 
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redict the optimal time for planting and harvesting crops, prevent nu-
rient deficiencies and the spread of diseases, and guarantee food safety
6] . 

Contrary to most earlier research, this study investigates techni-
al aspects as well as non-technical aspects of smart farming. Several
arlier studies have scrutinized technical aspects such as optimal re-
ote sensing picture resolution and important cybersecurity aspects to

ensor systems. Here, those aspects are considered but other essential,
ractical aspects such as data ownership and data sharing are also an-
lyzed. Furthermore, non-technical aspects to smart farming, for in-
tance trust and profitability, are discussed. By this interdisciplinary
pproach, new insights into the possible application of AI in agricul-
ure are provided. Additionally, the wide scope allows for a comparison
etween three different agricultural sectors: arable farming, milk pro-
uction and beef production. The study took place in Sweden, but a
arge part of the findings may be relevant in an international context as
ell. 

. Methods 

This study combines a literature review and interview study to find
he opportunities and hurdles for implementing AI in agriculture. 
vember 2021 
rticle under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ) 
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Table 1 

Respondents of the interview study distributed over categories. On the horizontal axis the respondents are distributed based 
on their orientation towards meat, dairy production, arable farming or ‘Interdisciplinary’ for those organisations without any 
such specified focus. On the vertical axis the respondents are distributed over the categories of which occupation they have. 

Meat Dairy (milk) Arable Inter disciplinary 

Farms Large farms ( > 500 ha or > 300 animals) F9 F2 F8 
Small/medium farms ( < 500 ha and < 300 animals) F6, F7 F4 F1, F3, F5, F10 

Organisations Commercial cooperatives C6 C2 C1, C3 C4, C5, C7 
Researchers R2 R1 
Authorities A1, A2 
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.1. Literature review 

To begin with, a comprehensive literature review explores the agri-
ultural sector, its agricultural technology initiatives, and former re-
earch about smart farming. This was done by a structured literature
eview as described by Berrang-Ford et al. [2] . The literature review was
onducted in the first half of 2021 using the Web of Science database us-
ng the following search string: (("machine learning" OR "deep learning"
R "artificial intelligence" OR smart OR AI) AND ("precision farming"
R "precision agriculture" OR "precision livestock farming" OR farm 

∗ 

R agricult ∗ ) AND (Sweden OR Scandinavia OR Europe)). Next, we
elected those articles that met all inclusion criteria: publication date
etween 2015 and 2021, directly or indirectly linked to the agricul-
ural sector and focused on individual farms or groups of farms rather
han macro-perspectives on countries or regions. Out of the 87 re-
ults in the search, 32 articles met the inclusion criteria and were fully
eviewed. 

.2. Interview study 

Thereafter, qualitative data was collected through a semi-structured
nterview study examining how different agricultural stakeholders re-
ard smart farming technology. All interviews took place in the first
alf of 2021. In total, 21 respondents were interviewed from different
arts of the agricultural sector in Sweden. Table 1 shows an overview
f the respondents. The respondents were grouped by their occupation,
here ten are individual farmers (F1-F10), seven are people working at

ommercial enterprises and cooperatives in the agricultural sector (C1-
7), two are researchers at Swedish research institutes (R1-R2) and the
emaining two work at a governmental agency (A1-A2). Out of the seven
espondents from commercial enterprises and cooperatives, four come
rom organisations that are deemed to have some economic interest in
he agricultural sector, although they also have a cooperative function.
wo other respondents in the same categorization are strictly coopera-
ives, one with ties to the public sector. The final is a certification organ.
he interviewed researchers are hired by a Swedish university with agri-
ultural focus, and the respondents from the governmental agency are
lso tied to different functions within a Swedish authority focused on
griculture. The interview questions are included in the Supplementary
aterials. The lists of questions were created prior to the interviews and

ave not been altered. Different lists of questions were used for farmers
Suppl. S1) and for organizations, companies, governmental authorities
nd researchers (Suppl. S2). For farmers, a different set of questions
as used for those farmers familiar with the concept of smart farming

Suppl. S1 A), vs. those farmers not familiar with the concept of smart
arming (Suppl. S1 B). For organizations, companies, governmental au-
horities and researchers, only one list of questions was used, since all
ere selected based on their experience with smart farming. All inter-
iews were held through digital meeting platforms and all but two were
ecorded with the permission of each respondent. The codes mentioned
n Table 1 are used throughout this article to refer to the respective
nterview respondents. 
2 
. Results from literature review 

The Web of Science database returned 87 articles matching our
earch string. From these articles, 32 studies met all inclusion criteria
nd were fully reviewed. This section presents the main results from the
iterature review. We divided our findings into two main topics which
re represented in the sections below: (1) techniques for data gathering
ithin smart farming and (2) smart farming technologies applied within
gricultural sectors. 

.1. Techniques for data gathering within smart farming 

Essentially, there are two types of data gathering techniques that are
sed in smart farming: remote sensing and Internet-of-Things (IoT). The
echniques may be implemented in any type of farming, depending on
he activity for which the data is fit to function as decision support. 

.1.1. Remote sensing 

Remote sensing technology enables detection and monitoring of
hysical characteristics of the earth’s surface. Remote sensing data is
ollected from a distance, commonly from satellites and drones. The
hree most common properties of remote sensing data are spatial, spec-
ral, and temporal resolutions [ 13 , 19 ]. Spatial resolution is the pixel size
f an image, a property that affects the ability to detect objects through
magery. Differently, spectral resolution refers to the spectral sampling
ntervals size and number which affect the ability of the sensors to de-
ect objects in electromagnetic regions. The temporal resolution regards
he frequency of acquired data [13] . 

The availability and economics of using remote sensing data collec-
ion is addressed by Khanal et al. [13] , which present remote sensing
echnology alternatives both open-accessed (e.g., NASA’s Landsat, the
uropean Space Agency’s Sentinel satellite series) and for some cost
e.g., RapidEye, GeoEye-1) [13] . However, the resolution of the data
aries, where the trend is that medium-resolution data ( ≥ 10 m pixel
ize) is free whereas the prices for high resolution ( ≤ 5 m) and very high
esolution ( ≤ 1 m) data increase in proportion to their increasing quality
13] . 

Regarding data resolution, Meier et al. [19] opine that site-specific
mart farming depends on high resolution, as detection of anomalies are
mpossible or insipid with too large pixel sizes. Of course, depending on
hat kind of analysis the data aims to contribute to, the need for reso-

ution varies. For example, predicting the crop yield within a field can
ccomplish a high accuracy despite a coarse resolution [13] while detec-
ion of plant diseases through hyperspectral imaging requires a detailed
esolution [20] . 

.1.2. Internet-of-Things (IoT) 

Internet-of-Things (IoT) is a collective concept for objects with in-
orporated electronics and connections that enable remote control and
nformation sharing. In agriculture, IoT is mainly used for collecting
ata through different types of sensors. By further data analysis, valu-
ble information can be derived as decision support, e.g. for farmers
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1] . Kamienski et al. [10] define four main challenges for IoT develop-
ent in smart farming. First, the IoT system must have a high level of

daptability. Since the needs of farmers often significantly vary, the IoT
ystem must be customizable to local circumstances but still not increase
he required work for the farmer. Secondly, the IoT deployment must be
fficient. As Kamienski et al. [10] write, “there is no ‘one size fits all’
n IoT systems ”. Thus, each system needs to be configured, the Inter-
et connection and farm infrastructure must be reliable, and the farmer
ust deploy enough human and economic resources into this process.

urthermore, the scalability is affected by the previous factors but also
epends on whether the system, and the models learned, are supposed
o work for just one farm or entire agricultural consortiums. Lastly, the
omplexity of the IoT system can be interpreted as a trade-off between
aking the middleware broker complex and the software application

imple, or the reverse [10] . 
Another aspect to IoT in smart farming is security. Since the data

ften is valuable for the farmer and is regarded as a business secret,
leinschmidt et al. [14] describe the need for end-to-end encrypted com-
unication from the sensor to the application. In practice, this means

hat the IoT sensor network must have a synced security strategy to
he cloud database and the potential fog computing network [14] . By
nsuring security, the probability that the farmer trusts the IoT system
ncreases. Still, trust in IoT systems does not just depend on security but
lso on the precision of the sensors. Without ensuring that there are no
ystematic measurement errors in the sensors, few farmers would trust
he learned model or the real-time data [21] . 

.2. Smart farming technologies applied within agricultural sectors 

Agriculture is a heterogenous industry with sectors in need of a di-
erse set of technologies. Since the gathered data differs between the
ectors, certain data types are more common in some sectors than others.
lso, the activities performed in the different sectors call for different
se cases when applying AI to agricultural businesses. 

.2.1. Smart farming in animal husbandry 

The potential of smart farming in animal husbandry, such as dairy-,
eef- and fur production, is largely constituted by increasing productiv-
ty and profitability by streamlining and automating tasks and informa-
ion [4] . Much research consists of ways to monitor and look after the
nimals automatically or semi-automated [3–5] . These articles suggest
hat devices, both wearable and non-wearable, may be incorporated in
he animal stable and that these devices can gather data that can give
ndicators on the health of the animals. The data that may be gathered
hrough these devices vary, but the wearable devices can measure heat,
ormone levels, rut etc. The non-wearable devices more typically are 3D
ameras for body condition scoring and infrared imaging, sensors that
onitor environment and weather as well as automatic weighing scales

nd gates [ 4 , 5 ]. 

.2.2. Smart arable farming 

In arable farming, an important feature of smart farming is to be able
o calculate the vegetation index of fields or areas to be able to monitor
hen it is time for harvest and other activities. This may be done by both

emote sensing and IoT solutions. Viljanen et al. [22] train a machine
earning model aimed to optimize the “balance between the highest pos-
ible yield quantity and an adequately high digestibility for feeding ”. By
sing an inexpensive drone system that can get multispectral data from
n RGB camera and an infrared camera, traditional physical tools for
redicting ley yield can be replaced by smart machine-learned models
ith higher accuracy [22] . Furthermore, the research of predicting yield
nd quality of silage can also be accomplished through satellite data, as
resented by Griffiths et al. [8] . The study shows that it is possible to
etect mowing events of grasslands, and therefore characterize the land-
se intensity by looking at satellite imagery [8] . 
3 
In terms of yield prediction, Feng et al. [6] stress the importance of
ncorporating biophysical characteristics of the crop in machine learn-
ng algorithms. This means that to learn a model with high precision,
t is important to simulate the growing process of the crop to ensure
hat the model learns the crop characteristics in different stages of the
rowing process. Furthermore, Matos-Moreira et al. [17] uses manual
oil samples to further improve their model. By including manual sam-
ling and analysis with a variety of existing data sources one may learn
 model to predict the quality of a crop or the concentration of some
atter at a given place and time. 

Another application of precision farming is to detect sickness or pests
mong crops. Torai et al. [20] study how diseases can be detected in
rops by classifying, or labeling, areas in pictures as “healthy ”, “in-
ected ”, “diseased ” or “aged ”. Thereafter, methods such as hyperspec-
ral imaging, Bayesian networks, and an analysis through probabilistic
atent semantics are applied to detect the diseases [20] . This study is
 good example of a remote sensing technology applied to agriculture
hich needs a very high resolution of data, preferably on a scale of cen-

imeters. 
One dilemma when applying artificial intelligence to arable chal-

enges is how to use the different types of available data. Kerkow et al.
11] use fuzzy mathematical modeling to solve this problem. This ap-
roach allows for mixing machine learned climate models with wind
ata and expert knowledge of the landscapes to build precise models
11] . 

.2.3. Implementation of smart farming 

The literature review also brings up some interesting aspects regard-
ng the implementation of AI in agriculture. Medvedev and Molodyakov
18] highlight both theoretical and practical knowledge of smart farm-
ng as requirements for successful implementation. Unfortunately, sel-
om farmers have either the economic resources or the time to attend
onger educations within the subject. To meet the lack of technical edu-
ation within smart farming, Medvedev and Molodyakov [18] propose
maller model-based courses that should cover technical, economic and
anagement aspects to smart farming. A crucial part of the education

s that the courses are on-demand, so that busy farmers can access it
henever it suits them [18] . 

Both business cases and clear driving forces are named as critical
omponents to spreading the use of smart farming technologies in soci-
ty ([ 7 , 15 , 16 ]). Barriers that hinder the drive towards smart farming are
ategorized as economic, institutional behavioral, and organizational
15] as well as market [7] . Furthermore, they identify social and moral
rivers to play a key role in terms of creating a societal demand for
mart farming. Without the support from society at large, innovations
ill not be adopted by key actors, they conclude [15] . 

Other research aims to map the barriers to implementing and dif-
using smart farming technologies. Kernecker et al., [12] describe that
armers approach smart farming technologies differently given how
uch smart farming technologies the farmers have already adopted. The

o-called adopters perceive the barriers to adopt smart farming technol-
gy as high investment costs, a difficulty in interpreting data, a lack
f interoperability or precision in devices, that farmers cannot see the
dded value of the new technology or the relative advantage of the sys-
em, as well as a lack of neutral advice from advisors and other actors.
he non-adopters also perceive high investment costs and unclear added
alue as barriers. Additionally, they regard too demanding complexity
f use, that the technology is not appropriate for their context or farm
ize, as well as a lack of access to proof of concept from a neutral point
f view, as obstacles [12] . 

Finally, the literature review highlights the importance of data pre-
entation and visualization, both in arable farming and livestock farm-
ng. Beside identifying possible applications of the technology in agri-
ulture, several research groups [ 13 , 21 ] argue that methods within ma-
hine learning and AI require decision support tools that visualize the
ata in comprehensive ways. 
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. Results from interview study 

This section highlights the main findings from the interview study.
he results are divided into technical and non-technical aspects of im-
lementing AI in farming. Finally, we present the results summarized by
espondent group (farmers, companies/corporations, research institutes
nd governmental authorities). 

.1. Technical aspects of implementing AI 

Applying AI to the agricultural sector is not a homogenous challenge
ince the sector varies substantially. One pattern, stated by a farmer re-
pondent, is that farmers of different agricultural sectors almost always
elieve that the implementation of smart farming technologies has come
urther in other sectors than in their own (int. F4). The agricultural sec-
or that most farmers highlight as currently the most technologically
dvanced is the milk production. Milk robots were introduced to the
ommercial market decades ago, and with the milk robots the fodder of
n individual cow can be customized, increasing its health status and
roduction capacity. Due to the milk robots, the dairy industry is re-
arded notably data driven (int. C4). 

One important aspect to consider when evaluating the success of
he milk robots is the short feedback loop. Since cows are both fed and
ilked daily, the machines can adjust quickly depending on the latest

nput (int. C4). Furthermore, Swedish dairy farmers have a long history
f collecting data by being part of the so-called Kokontrollen, a cow
ata collection application owned by Växa Sverige. Even if Kokontrollen
oday is web-based, Swedish dairy farmers have been reporting to it
or more than 100 years. Previously, all data was collected manually
ut today almost all data connected to milk production is automatically
athered by the milking robots (int. C6). 

Contrasting to milk production, arable farming is diverse with differ-
nt crops requiring distinct machines and technologies. Hence, a single
uccessful machine is difficult to implement for the entire arable farming
ector, making its technological development more complex. However,
t is possible to create effective technology for specific crops. As a rule
f thumb, crops with high manual work, such as vegetables, use lots of
echnology since they operate on small, more controlled areas (int. C3).
n such environments, such as green houses, the feedback loop is faster
nd there are less uncontrollable factors, such as weather or wild hogs,
hich makes the application of new technology and AI easier (int. C3,
3). 

Of the three agricultural sectors compared in this study, beef pro-
uction is considered by the respondents as the least technologically
eveloped. Nevertheless, one respondent at a major company believes
hat meat production will have a central role in the development of the
wedish primary food production (int. C4). The list of possible inno-
ations includes making the value chain digital by automatically trans-
erring information to the slaughterhouses regarding characteristics of
he animals they will receive. By mandatory RFID tags for all cattle, the
espondent argues there is an enormous potential, since the develop-
ent of the animals could be followed in real time throughout the value

hain. With such a system, the slaughterhouse could plan far in advance
or incoming meat quality and volume. Simultaneously, a grocery store
ould send data to the farmers regarding the current popularity of dif-
erent kinds of meat, enabling the farmers to adjust their production to
he current consumer behavior (int. C4). Furthermore, if one could au-
onomously and automatically weigh the cattle, their growth curves can
e predicted which would enable optimization of the timing for send-
ng animals to slaughter. By this optimization, one could avoid having
ull-grown animals that both drain economical resources and emit envi-
onmentally damaging methane gas (int. C4). 

.1.1. Data collection within smart farming 

Regarding data and the activity of collecting data, the responses from
he interviews reflect different realities within the agricultural sector.
4 
n the one hand, some respondents say that farmers generally are posi-
ive towards gathering data on their farm (int. C3, F6, F8). On the other
and, some responding farmers state that they collect almost no data on
heir farms, although they say that they understand that data could add
alue to them (int. F1, F3, F5). In-between is a spectrum of attitudes
owards data gathering and implementation of technology in the farms.
ome respondents from the larger companies and cooperatives suggest
hat the attitudes might be affected by the perceived inconvenience that
ata gathering causes. They all believe that more farmers would have a
ositive view on it if it was made easier for them to collect it. However,
here is also a sense that the data is not used optimally, partly because
t is saved in different databases that are not interconnected (int. C3,
4, C5). The responses from the respondents indicate that data is being
athered differently depending on the agricultural sector. For instance,
any respondents in the dairy section state that there is a lot of data

athered, to a high degree on an individual level, on the farm animals
int. C6, F2). In contrast, arable farmers also collect data on almost all
arms, but that data is not always as detailed. An arable farmer may col-
ect remote sensing satellite data on its farm, but sometimes not with a
esolution of square meters, but rather on a field or even farm level. The
nputs, i.e. the resources added to the soil, are what would be interesting
or the farmer to get decision support on, if one could see a beneficial
orrelation between input and output (int. F4). 

One responding farmer with previous experience from the tech in-
ustry, believes that the problem with applying AI to arable farming is
he lacking volume of interconnected data (int. F10). The whole data
hain is not connected today, he states. In practice, the input data taken
uring, for example, arable seeding is not properly connected to the
utput of the harvest. Additionally, the insights from the harvest are
ot used as a decision basis for the next seeding. Thus, the data loop is
ot closed, which it would need to be for AI to be efficient (int. F10).
his data gap combined with the large amount of uncertainty factors,
uch as unpredictable weather, is a technical hindrance to the learning
f AI models. 

.1.2. Generalizability vs. precision 

In the field of AI and machine learning, there is an important trade-
ff between bias and variance. In the interviews, the respondents had
ifferent opinions on the matter. The concept was discussed with the
espondents as ‘generalizability’ and ‘precision’ instead of their techni-
al terms. Some respondents say that precision is extremely important
ince a technical solution that only predicts or detects something half
f the time is useless (int. A1, C6, R2). At the same time, other respon-
ents say that as long as the predictions are slightly better than human
redictions or detections then the model can be as general as one wants.
n fact, many respondents claim that there is a much larger market for
tandardized models than the ones that are too adapted after local needs
int. C4, F4, F5, F8). There is a tendency among arable farmers and cor-
orations that they tolerate a higher degree of generalizability while
ivestock farmers need more precision (int. C1, C4, C6, F4, F5, F8). A
espondent in the livestock farming sector claims that a farm would
ever really benefit from a technical solution that could only detect rut
mong the animals one out of three times. The respondent further un-
erscores the need for precise models dealing with biology and living
nimals (int. C6). Of course, many respondents bring up that there is
 need for balance between generalizability and precision, and that it
ould be optimal if there was some degree of customizability in that
spect so that each solution can fit each farm (int. C3, C5, F4, F5, F8). 

.1.3. Automatization and decision support 

In terms of customizability, identifying how farmers want their tech-
ical tools and machines to be designed, and how they want them to as-
ist on the farm, is key. Among the farmer respondents, only one respon-
ent specifically mentions a preference for smart farming technologies
o completely automate activities on the farm (int. F10). Instead, a large
hare of farmers is prone to either having technologies that recommend
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 course of action out of the collected data (int. F1, F5, F6), or that the
echnology only presents data so that the farmer may make decisions on
heir own (int. F2, F4, F9). Decision support and assessments based on
ompiled data already exist to a certain degree but may be used more of-
en and efficiently should the data become more accessible and of better
uality. A responding dairy farmer says that although the system pro-
ides some recommendations from the continuous and aggregated data,
he decisions on the farm are still only based on the raw data (int. F2). 

.1.4. Data sharing 

One key concern for the development of smart farming technolo-
ies is ownership of the data. Most smart farming systems are created
s closed technological ecosystems, with limited possibilities of shar-
ng data in between each other. This technological segregation hinders
he systems to share data with each other and is thereby an obstacle
o the interconnection between systems. Descending from the rivalry
etween the major transnational agricultural technology companies, in-
luding the quest to both pin the users to their specific technological
cosystems and avoid giving their rivals a chance to create competitive
echnology, this structure is difficult to change (int. C3, F10). With that
aid, two respondents (int. C4, F10) note a tendency for transnational
gricultural technology companies to move away from technology that
nsnares the user to their ecosystem, to more open data flow. Such open
ata flow is believed to create more value for the businesses and their
sers. Consequently, a higher degree of data is expected to be on open
tandards (int. C4, F10). 

Even if the companies providing the technology make some progress
owards open data sharing, a couple of projects are created to facilitate
he data sharing compatibility. GigaCow, a research project by the agri-
ultural university SLU on data for dairy farms, aims to enable data
haring by automatically exporting the data from different milk robots
ver time. Such initiatives are welcome to most farmers. However, this
s a third-party work-around solution and not as straight-forward as if
ll machines would automatically be open for data sharing (int. R2). 

.1.5. Cybersecurity 

Some respondents lift the potential threat towards online IT systems
s a risk when implementing new smart farming technology (int. A1, C4,
5, F1, F2, F8). The risk of being hacked poses a threat both to farm-
rs and to society at large. Focusing on society at large, a respondent
rom a governmental agency describes cybersecurity as a particularly
mportant aspect of digitalization in agriculture (int. A2). This respon-
ent believes that such a data platform probably would be classified
ith an extremely high security and secrecy label and be managed by

he Swedish Security Service SÄPO. Therefore, this could be regarded as
 clear barrier for the development process of a common data platform.
evertheless, the respondent adds that in case of potential cyber-threats

t would be better to have the data stored on a common platform than
ith individual farmers, since people would be managing and looking
fter the platform to a much higher degree than farmers currently are
ecuring their data (int. A2). Even though these issues are mostly raised
y the larger organizations and authorities, the threat is also acknowl-
dged by some farmers. They believe that connected data platforms with
eak security make the farm quite vulnerable to threats (int. F1, F2, F8).
owever, one farmer commented that “it is not worse than having all
oney in a bank account, and that I trust today. ” (int. F1). Other re-

pondents, both governmental agencies and farmers, recognize the IT
ystems as possibly vulnerable but are not necessarily worried. Instead,
hey reject the belief that lacking cybersecurity would pose a greater
hreat to agriculture than to any other sector in society (int. A2, F5,
10). 

.2. Non-technical aspects of implementing AI 

AI and smart farming technologies play an important role on the
trategic agenda of most interviewed agricultural organizations and co-
5 
peratives (int. A1, C1, C2, C4, C5). For one major Swedish agricultural
ompany, AI is considered one of the most important tools to achieve a
ore sustainable farming while increasing the yield (int. C1). Another

espondent from a Swedish agricultural enterprise states that their take
n digitalization of the agricultural sector will be to invest in software
ntegration of different tools to facilitate smart farming technologies for
armers, so that they can monitor their farm and make correct decisions
int. C2). Digitalization and optimizing the data usage are prioritized
ver investing in new hardware, such as server halls. By prioritizing
oftware, they believe they benefit the farmers more directly (int. C2,
4). 

.2.1. Political interest in smart farming 

When it comes to digitalization of such a fundamental societal sys-
em such as the agricultural sector, many strategic decisions are of na-
ionwide interest. Some of the interviewed respondents from larger or-
anizations and authorities believe that there is a wide interest that the
gricultural sector becomes smarter (int. A1, A2, C7). However, farm-
rs are themselves accountable for making this technological transition.
wo respondents argue that there is a lack of initiatives from the state or
rom the large organizations to drive the propagation of digitalization
orward in a structured manner (int. A1, C7). One respondent, working
t a governmental authority, addresses the topic of nationwide inter-
st in digitalizing the agricultural sector (int. A2), stating that AI in
griculture is a natural step moving forward. The respondent says that
here are a lot of internal discussions in governmental agencies regard-
ng if and how they should take a more active leadership role in the
igitalization of Swedish agriculture. The governmental official thinks
hat Sweden is behind with its digital development compared to other
ountries with weaker economic conditions and budgets for agriculture
int. A2). A natural first step, according to this respondent, is to create a
ommon national data platform for all agricultural data to be compiled
n. Still, this respondent sees no clear political ambition driving this
hange, while this could speed up the digital transition tremendously.
lthough there is no wish to ‘force’ farmers into using agricultural tech-
ology and digitalizing their businesses, it is a likely progress if there is
 nationwide and political interest in going in that direction (int. A2). 

.2.2. Economic incentives 

As in any other industry, the agricultural sector is driven by the quest
or increased profit. Money is a motivator, not only for larger agricul-
ural enterprises but also for farmers (int. F3, F5). Therefore, the gen-
ral low profitability in agriculture is a major problem for farmers. Op-
imization plays an important role for the often unprofitable Swedish
gricultural farms to be competitive on the world market (int. A2, F3).
ven though there are lots of subsidies connected to food in the Euro-
ean agricultural system, no farmer respondents recognize any subsidies
or investments in new technologies at a farm-level. Instead, the tech-
ological transition that is supposed to lead to more sustainable food
roduction or larger output is financed by the individual farmer (int.
2). 

Different farmers have distinct economic incentives to implement
mart farming technologies in their work. Generally, there is one group
f farmers that have less reason to care about implementing new tech-
ologies since they will have structures in place to reach their revenue
n any case. This group often owns their own property and farmland. On
he other hand, there are farmers that lease their farmland and therefore
onstantly must become more and more effective (int. C3, F4, F5). It is
ot only a matter of farm ownership though, also the size of the farm af-
ects the probability that smart farming technologies will increase prof-
tability. With a small farm, farmer respondents believe it is difficult to
rofit from smart farming techniques (int. F1, F5). A farmer with a small
arm describes that he cannot afford buying new equipment, such as a
ew tractor, himself. Upgrading the machine park is necessary for smart
arming technologies to gather enough useful data (int. F1). This can be
inked to the major macro trend of consolidation of farms. Basically, this
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eans that smaller farms cannot afford to compete with the larger ones
hat can use their competitive advantages of being larger. There is sim-
ly not enough profit in managing most small farms, a problem which
orces many farmers to merge with neighboring farms (int. C7, F4). 

.2.3. Software as a service 

Another trend that impacts the agricultural sector is how technolo-
ies are sold and distributed. Today, most technology is bought as a
ardware which is often a huge expense for the farmer. However, slowly
hings are changing. There is a transition happening towards services
eing bought as ‘Software as a Service’ (SaaS) solutions. This allows for
usiness models in which the sold hardware is much cheaper than today
r even provided at no cost, while the farmer pays a fee to subscribe for
sing the set of hardware and software. One respondent from an agricul-
ural cooperative foresees that this change will have major implications
nd wonders whether, in ten years from now, tractors will be sold solely
s a rental service instead of as a product. To enable this, an enormous
mount of data will be needed (int. C4). 

.2.4. Dependency and trust in technology 

One communicated and discussed concern about implementation of
mart farming technologies is the dependency it might create towards
echnology. Dependency on technology refers to a system that relies on
utomated or semi-automated activities based on often incomprehen-
ible software, a constant power supply or Internet-access. The system
tself is not problematic to any of the respondents. However, there are
ome concerns regarding the cases when this type of system fails. One
espondent, from an organization, states that the usefulness of the sys-
em would be compromised if the communication infrastructure would
omehow break (int. C6). The concern is expressed in different ways and
ith different urgency. Livestock farmers express their concern about

his since their activities revolve around living beings, whose comfort
nd health rely on the technological systems continuing to operate (int.
5, F2). Also, when it comes to dependency on technology, another as-
ect that several respondents mention is that some practical knowledge
mong farmers and advisors might be forgotten (int. A1, F1). One re-
ponding farmer believes that if he applies too much technology to his
arm he would risk losing some of the local, tacit knowledge of the farm.
articularly, some local variations of the farmland he finds difficult to
epresent correctly with data. Since there are a vast number of con-
ected parameters affecting how a crop at a specific place will grow,
e fears that a program could miss some critical aspects (int. F1). This
ay be linked to a certain expressed mistrust towards technology, that

t needs to be double checked to make sure it is doing the right thing
hile working autonomously (int. F1, F4). 

.2.5. Working conditions 

In general, there is a positive attitude towards smart farming and
hat it could mean, to the agricultural sector as a whole and to farm-

rs specifically. Incorporating smart farming technologies could mean
hat time and costs for activities, such as irrigating and fertilizing, are
educed. Therefore, farmers can better manage their time when using
ell-functioning new technology (int. C3, C5, C6, F7, F8, R2). One posi-

ive side effect of this is an improved work environment for the employ-
es (int. F8). With that in mind, researcher respondent R2 states that
armers are generally bad at valuing their time spent compared to the
conomic return. Agricultural farms are extremely pressed to get a re-
arding return on their investments which leads to, at times of the year
ith high workload, farmers not getting much sleep at all (int. R2). This

s confirmed by a farmer who says that since he works so much, some
ours are nearly unpaid (int. F7). Implementing AI in agriculture could
otentially mitigate these intense periods of large workloads somewhat,
hich would give social values back to the farmers. 

Another dimension of investments and implementation of new tech-
ology in agriculture, is that investments in smart farming are not al-
ays viewed as necessary by farmers but rather something neat and
6 
rendy. Thus, such investments are described to be paid by the “amuse-
ent account ” (int. C3, F5). This is confirmed by a farmer that states that
ost of the technological investments made on his farm are motivated

y his interest and fascination with technology (int. F8). Respondent C4
ays that a lot of farmers gladly spend money on new and exciting tools
nd machines, for instance new tractors. From this, it seems like many
armers think that the charm of running an agricultural business is to be
ble to tailor and adapt the farm according to one’s liking. While some
espondents like doing things very manually (int. F9) others like to de-
elop their way of working consistently with new types of technology
int. F10). 

.2.6. Market demands and academia 

Similar to the need to involve users in the design process, one hurdle
or initiatives and research projects to reach the market is that their con-
epts are not based on agricultural market demands (int. C6, R1, R2).
hree respondents argue that this might be a result of researchers and
evelopers not being in contact with end users and not doing proper
arket research to identify for which demands there are needs to de-

elop solutions. Instead, they believe that agricultural technology is of-
en developed for the sake of technology development itself or, contrast-
ngly, as a biproduct of agricultural research (int. C6, R2, A1). One re-
earcher describes that, for several years, Swedish academia actively fo-
used on other parts of agriculture than technology (int. R2). However,
uring the last decade, Swedish universities have started to understand
he importance of new technologies in farming and allocated 

.3. Summary of results by respondent group 

To summarize the results of this interview study, the themes and top-
cs are divided into what appears to be the demands or opportunities for
I in agriculture, as well as the barriers or hurdles that hinder the use of

t. Furthermore, based on the contrastive responses and views of differ-
nt groups of respondents, the demands and barriers are differentiated
y the respondent groups that all have distinct roles in the agricultural
ector. Table 2 shows an overview of the most important points from
he interviews, divided over the different respondent groups. 

To begin with, the responses from farmer respondents show that
here are many opportunities linked to the usage of AI and smart farm-
ng technologies in agriculture. Most importantly, according to them,
ew smart farming technologies have the potential of increasing their
rofitability, either by contributing to higher revenues or freeing time
pent on some tedious tasks. On the other hand, the large initial costs to
et up the technologies are identified as a barrier. However, if economi-
al means allow for investing in such solutions, farmers believe that the
nvestments will pay off in terms of profitability and competitiveness.
ther factors that act as demands for smart farming technologies are

heir potential to be more sustainable and that they make farming more
un. Further barriers according to farmers are the complex solutions and
ack of interoperability, as well as the poor prerequisites and opportuni-
ies of continuous education regarding technology in agriculture. Also,
he fickle market makes smart farming risky to invest in for farmers. 

From a commercial enterprise point of view, there are many oppor-
unities connected to smart farming, but also some critical barriers to
vercome. The respondents of this group see potential in increased co-
peration between companies as well as with farmers, business cases in
roviding Software as a Service and additionally to streamline logistics
onnected to agriculture. Nevertheless, data sharing and cybersecurity
re seen as large hurdles to the use of these technologies. 

Respondents from research institutes also express a positive view on
ccelerated use of AI in agriculture. They believe such a development
ould result in more data collected by the farmers, which would de-

rease the time researchers themselves spend on gathering data. This
ould, according to the researcher respondents, lead to a faster and bet-

er research on agriculture. However, data sharing hinders, once again,
he scientific development since high-paced research is hard to conduct
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Table 2 

Overview of the main results from the interview study, divided by different respondent groups 

Demands & opportunities Barriers & hurdles 

Farmers • Increased profitability • Too expensive investments 
• Improved work environment (time and comfort) • Lack of technical education 
• Sustainability • Technical systems not connected 
• Social factors • Difficulties understanding and acting on data 
• Amusement factor • Unpredictable consumer market 

• Lacking cybersecurity 
Companies • Increased cooperation • Data ownership is unclear 

• Involving end users in development process • Lacking cybersecurity 
• Transition towards SaaS 
• Streamlined logistics 

Research Institutes • Faster and ‘better’ research • Research not matching market demand 
• Data sharing 

Governmental Authorities • Improved competitiveness on world market • Unclear role in transition 
• Can provide EU subsidies for innovation • Lacking cybersecurity 
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ithout proper access to data from different sources. An additional iden-
ified barrier for smart farming is the mistrust from farmers that the sci-
ntifically developed solutions mirror a real agricultural demand and
re not just developed for the sake of technology. 

Finally, the respondents from governmental agencies claim that
here is a great interest and demand for propagating smart farming tech-
ologies for national competitiveness as well as other economic reasons.
till, they are not sure how to position themselves in this transition,
hich slows down the process of digitizing the agricultural sector. This

espondent group also views cybersecurity and data sharing as critical
arriers to overcome. 

. Discussion & conclusions 

This paper provides a review of the main opportunities and hur-
les for applying AI to agricultural businesses. By conducting a struc-
ured literature review and an interview study with 21 respondents
rom various parts of the agricultural industry, data has been gathered
o get a holistic view on the use of smart technology in agriculture.
he scope of the thesis is deliberately wide, focusing on three agri-
ultural sectors: arable farming, milk production and beef production.
urthermore, the respondents are categorized by their role in the sec-
or, ranging from governmental authorities, commercial enterprises, re-
earchers as well as farmers. This broad view allows to acquire knowl-
dge that ranges over several production sectors, as well as over sev-
ral kinds of organizations with different views on the agricultural
ector. 

Most stakeholders interviewed in this study share a demand for ap-
lying AI to agriculture. Driving the farmers towards smart farming
echnologies are the needs for increased profitability, reduced workload
nd often a genuine curiosity for new technology. Surprisingly, all these
spects are not completely captured in the literature review. For exam-
le, there are studies about the impact smart farming can have on the
elation between humans and animals on a farm [9] , but they did not
how in the literature review search. On the contrary, some expected
rives for smart farming were not expressed by the respondents, such as
he advantageous impact that smart farming can have on the environ-
ent through less nutrient loss. Instead, profitability stands out as the
ost influential factor which makes a clear business case an essential

equirement connected to the propagation of smart farming technolo-
ies. Since more and more agricultural products become available in
he form of SaaS, allowing for sharing and renting equipment, the busi-
ess case is changing for both farmers and machine producers, opening
ew possibilities. Nevertheless, for smart farming to really transform the
gricultural sector, governmental agencies and commercial enterprises
ight need to take a more active role in the transition. Such aspirations

re especially important to ensure that the governmental and societal
7 
emand for reduced emissions and increased sustainability is met in the
echnological shift. 

For the transformation to be successful, it is essential that the struc-
ures, allowing farmers to apply the smart farming technologies, are
odern. One key requirement is that farmers have continuous and easy
ays to acquire up-to-date knowledge of how to apply smart farm-

ng. Therefore, there is a need to ensure technical, agricultural educa-
ion which is easily accessible through for example flexible, on-demand
ourses. Additionally, the smart farming techniques need to be modifi-
ble to match the varying transparency and adaptability demands that
ifferent farmers have. 

Regarding how implementation and propagation of AI in agriculture
ight be hindered, this study identifies some factors that act as bar-

iers. The most prominent one is how data is managed, which can be
urther specified to data sharing and ownership as well as cybersecu-
ity. This is a complex question that as of now does not have a clear
olution, neither technically nor legally. Here lays an important role for
esearch institutes as well as authorities. However, there is a consen-
us among respondents that to transition the agricultural sector into a
ore data-driven and digital environment, the technical infrastructure
ust be secure. The solution must be able to guarantee that sensitive
ata is not available for intruders while at the same time guaranteeing
ccess for the intended users. Furthermore, for the end users to be able
o benefit from the digitalizing transition of the sector, the data models
equire a high degree of flexibility. This stems from the wide variety of
achinery at farms as well as the varying level of technological interest

nd knowledge among the farmers. 
Moreover, an important aspect that slows down the process of im-

lementing smart farming technologies and AI in agriculture is the eco-
omical dimension expressed by the respondents. A large part of this
re of course the high investment costs, but other economic aspects also
lay a part in this barrier. For example, the fickle market demands, the
eneral low profitability in agriculture as well as the trend towards con-
olidation of farms all contribute to making investments full of risk.
ther identified barriers that hinder the spread of AI in agriculture
re some social factors, for example the concerns about technological
ver-dependency and insufficient end user trust towards technology.
he lacking trust seems to stem from over-selling from developers of
echnology as well as a gap between the technology that is developed
nd the real market demands. 

As for the technical solutions that could potentially solve the demand
or AI and smart farming technologies, there are many possible ways.
n this study, findings show that a lot of the data and sensors types al-
eady exist. The problem that remains to be solved is to connect the
nput data to the output data by developing the datasets, and thereby
losing the data cycle. Today, the dairy sector generally holds a closed
nd elaborate data cycle whereas generally the meat and arable sector
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ave less developed data gathering and therefore less precise decision
upport tools. This is highlighted in both the interviews and the litera-
ure review, as high-resolution data allows for more precise and detailed
ecision support. Although, after a thorough process of data gathering
rom input to output, one can build models and evaluate which one
f them performs best with some specified evaluating metrics. Addi-
ionally, a general problem and difficulty in building machine learning
odels is that models tend to take too many variables at the same time.
he results show the importance of ‘starting small’ when building the
odels, i.e. using few input variables to begin with and then tune the
odel adding only one more variable at a time. 

It is also found that all possible use cases and technical solutions
emand a high precision for classification model output as well as low
rediction errors for regression models. Decision support in agriculture
anages and affects core parts of the agricultural business, and there-

ore it is important that estimations and predictions are accurate. In-
erestingly, respondents from the arable sector express that they, as of
ow, accept higher levels of total error in the model. However, for fu-
ure purposes and solutions with increased complexity, the total error
ust decrease which is likely to affect the bias- variance trade-off. A

equirement for achieving precise supervised machine learning models,
dapted to the local farm, will be easy pre-processing of the data. Thus,
he data labeling process must either be simplified by developers or of-
ered to the farmers as a service by consultants. 

Technologically, the agricultural sector has developed for decades,
ut the shift towards smart farming techniques and data-driven agri-
ulture might be one of the greatest transitions. Applied AI in agri-
ulture has the potential to optimize and streamline agricultural ac-
ivities in all sectors in agriculture. By data-driven decision support,
nd even tasks performed completely automatically, farmers hope to
mprove their output both in terms of quantity and quality, mitigate
arbon emissions, decrease work time, and increase profits. For com-
ercial enterprises and governmental agencies, the transition allows

or updated supply chains and planning models, improving the agri-
ultural industry on a macro-level. Still, several challenges remain un-
olved, jeopardizing the speed of the transition. Here, there are impor-
ant tasks for companies, authorities and research institutes. Neverthe-
ess, with such strong incentives, the long-term trend towards increased
sage of AI in agriculture is clear. The question is no longer if smart
arming will continue to develop, but how the hurdles will be resolved,
nd which stakeholders will benefit from its radical transformative
ffects. 
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