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ABSTRACT

The adoption rate of sensors on dairy farms varies 
widely. Whereas some sensors are hardly adopted, oth-
ers are adopted by many farmers. A potential rational 
explanation for the difference in adoption may be the 
expected future technological progress in the sensor 
technology and expected future improved decision sup-
port possibilities. For some sensors not much progress 
can be expected because the technology has already 
made enormous progress in recent years, whereas for 
sensors that have only recently been introduced on the 
market, much progress can be expected. The adoption 
of sensors may thus be partly explained by uncertainty 
about the investment decision, in which uncertainty 
lays in the future performance of the sensors and un-
certainty about whether improved informed decision 
support will become available. The overall aim was to 
offer a plausible example of why a sensor may not be 
adopted now. To explain this, the role of uncertainty 
about technological progress in the investment decision 
was illustrated for highly adopted sensors (automated 
estrus detection) and hardly adopted sensors (automat-
ed body condition score). This theoretical illustration 
uses the real options theory, which accounts for the 
role of uncertainty in the timing of investment deci-
sions. A discrete event model, simulating a farm of 100 
dairy cows, was developed to estimate the net present 
value (NPV) of investing now and investing in 5 yr in 
both sensor systems. The results show that investing 
now in automated estrus detection resulted in a higher 
NPV than investing 5 yr from now, whereas for the 
automated body condition score postponing the invest-
ment resulted in a higher NPV compared with invest-
ing now. These results are in line with the observation 
that farmers postpone investments in sensors. Also, the 
current high adoption of automated estrus detection 
sensors can be explained because the NPV of investing 

now is higher than the NPV of investing in 5 yr. The 
results confirm that uncertainty about future sensor 
performance and uncertainty about whether improved 
decision support will become available play a role in 
investment decisions.
Key words: dairy, sensor, investment, adoption, 
economics

INTRODUCTION

A sensor for cow management can be defined as a 
device that measures a physiological or behavioral con-
dition (related to health or estrus) of an individual cow 
and enables automated, on-farm detection of changes 
in this condition that are related to a health event and 
require action on the part of the farmer (Rutten et al., 
2013). In recent years, several sensors were developed, 
such as electrical conductivity sensors, SCC sensors, 
and color sensors for the detection of clinical mastitis 
(e.g., Hogeveen et al., 2010). Also, sensors were devel-
oped for measuring activity to detect estrus (e.g., Firk 
et al., 2002; O’Connell et al., 2010; Holman et al., 2011) 
and lameness (e.g., Pastell et al., 2009; Chapinal et al., 
2010; Miekley et al., 2012). In addition, camera systems 
with automated image analysis were developed, such 
as the automated BCS (e.g., Bercovich et al., 2013; 
Spoliansky et al., 2016).

The adoption of sensors by farmers is in general 
low. Activity meters or pedometers are an exception 
to this general rule as they are adopted for detection 
of estrus (Borchers and Bewley, 2015; Steeneveld and 
Hogeveen, 2015). Around 20% of the Dutch farmers 
have activity meters or pedometers for detection of 
estrus (Steeneveld and Hogeveen, 2015). Other sensors 
are adopted much less frequently (e.g., weighing plat-
forms) or hardly adopted yet (e.g., automated BCS; 
Steeneveld and Hogeveen, 2015). Earlier research by 
Steeneveld and Hogeveen (2015) showed that the main 
reasons for not investing (yet) for Dutch dairy farmers 
were having other investments priorities on the farm, 
uncertainty about the profitability of the investment, 
expecting poor integration of sensors with other farm 
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systems and software, and waiting for improved ver-
sions of the sensors (Steeneveld and Hogeveen, 2015). 
The most important reasons for nonadoption of sensors 
by US dairy farmers were being unfamiliar with avail-
able technologies, expecting an undesirable cost-benefit 
ratio, and being provided with too much information 
without clear relevance for management (Russell and 
Bewley, 2013). These results indicate that economic 
considerations and waiting for improved versions, 
which provide better interpretable data or information, 
are important reasons for not adopting sensors on dairy 
farms.

Waiting for improved versions can be a rational 
choice for farmers and can explain why they do not 
yet adopt, particularly when one realizes that estrus 
detection performance improved considerably over the 
last 20 yr. In 1998, sensors for estrus detection were 
reported to have a sensitivity of 70% at a specificity 
of 60% (Frost et al., 1997), whereas Kamphuis et al. 
(2012) found a sensitivity between 62 and 75% at a 
specificity of 99%. This means that sensors for estrus 
detection did undergo an enormous technological prog-
ress, and that less further improvement in detection 
performance can be expected. Hence, postponing the 
investment in estrus detection sensors is expected to 
have fewer advantages, and this may explain the cur-
rently high adoption rate. In contrast, sensors such as 
the automated BCS have been introduced much more 
recently and are still in the phase, as defined by Rut-
ten et al. (2013), “of a technique measuring something 
about the cow.” Body condition score is an assessment 
of the proportion of body fat a dairy cow possesses, and 
is associated with the incidence of ketosis (Roche et al., 
2009). For pasture-based seasonal production systems, 
the importance of BCS is mentioned (Macdonald and 
Penno, 1998). For other systems, interpretable informa-
tion with clear decision support on what to do with BCS 
is lacking in the scientific literature and not commonly 
known. Therefore, technological progress and more in-
formed decision support, and thus a gain of postponing 
the investment, can be expected. The expected gain of 
postponing the investment may explain the currently 
low adoption rate.

Sensor technologies bear a great potential, but are 
generally characterized by low adoption rates on dairy 
farms. For sensor manufacturers it is important to real-
ize that uncertainty about future technological progress 
may influence the adoption of sensors by farmers, and 
thus ultimately sales. The role of uncertainty about fu-
ture technological progress in investment decisions can 
by structured by real options theory, which describes 
the problem structure, timing, linkage of decisions, and 
underlying uncertainties (Trigeorgis and Reuer, 2017). 
The overall aim of the current study was to offer a 

plausible example of why a sensor may not be adopted 
now. To explain this, the effects of uncertainty about 
future technological progress for sensors that are highly 
adopted (sensors for estrus detection) and are hardly 
adopted (automated BCS) were illustrated by using the 
real options theory. This illustration can help especially 
manufacturers to understand the effect of uncertainty 
of future technological progress on the adoption of sen-
sors by dairy farmers.

MATERIALS AND METHODS

Real Options Theory

The real options theory is a method of option pricing 
from financial theory (Buhl et al., 2016). In corporate 
investment decisions and strategic management under 
uncertainty, real options theory can be used to clarify 
the problem structure (e.g., the different options, man-
agement decisions, and their timing), to appraise the 
options [i.e., estimating the net present value (NPV) 
of each option] and to plan the implementation (i.e., a 
strategic timeline that defines at which moment what 
option should be executed) (Trigeorgis and Reuer, 
2017). Previously, the real options theory has been used 
to determine the timing of investment in information 
technology (IT) solutions. The real options theory was 
very well suited for this problem because the future 
developments in IT solutions are highly uncertain, and 
therefore timing of investment is complex (Buhl et al., 
2016). Investing in sensors on dairy farms can be seen 
as a specific example of IT investment decisions. Also, 
the future technological progress is uncertain for sen-
sors, and this makes timing of investment a difficult 
decision. Therefore, the real options theory was used 
to illustrate the effects of uncertainty about future 
technological progress in sensor systems on investment 
decisions of dairy farmers.

Net Present Value

In the real options approach, different investment 
options are compared quantitatively. In the current 
analysis the NPV was estimated for “investment now” 
and “postponed investment” (investment in 5 yr) for 
sensors for estrus detection and automated BCS. The 
NPV is the sum of discounted cash flows that are at-
tributable to the investment and the costs of the initial 
investment. For the estimation of the NPV, the cash 
flow that was attributable to the investment in a sen-
sor technology on a dairy farm was estimated with a 
simulation model. This cash flow in year t (CFt) was 
estimated as the difference in gross margin between 
a simulated average dairy herd with and without the 
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defined sensor. The difference in the gross margin with 
and without the sensor technology in year t consisted of 
the following components: the margin of produced milk 
(revenues of sold milk minus feed costs) (MMt), the 
margin of reproduction (sales price of a calf minus costs 
for calving management and insemination costs; MRt), 
labor costs (LCt), treatment costs of diseases (TCt) and 
the margin of culling and replacement (slaughter value 
of a culled cow minus the purchase price of a replace-
ment heifer; MCt) (Equation [1]):

 CFt = (MMt + MRt + LCt + TCt + MCt). [1]

A life time of 10 yr was assumed for both the estrus 
sensor and the automated BCS. It was assumed that 
the investment was incurred and paid in year 0 and 
that revenues and costs of using the sensor system were 
incurred and paid in the 10 subsequent years. For each 
year the cash flow was discounted assuming a discount 
rate of 5%. The discounted cash flows were summed up 
over the life time of the sensor to estimate the NPV. In 
case the farmer undertakes the investment in year i = 
0, the NPV is
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The cash flows of postponed investment were also dis-
counted assuming a discount rate (r) of 5%. The NPV 

of “investment now” (Equation [2]) was compared with 
the NPV of the ”postponed investment” (Equation [3]) 
to determine the optimal decision (i.e., the decision 
that yields the highest NPV).

Simulation Model

A simulation model, simulating a herd with 100 dairy 
cows, was developed. The dairy cow in the simulation 
model was assumed to have performance equal to the 
average in the Netherlands [i.e., a production level of 
8,573 kg/305 d (CRV, 2016)], a base conception rate of 
50%, starts her estrus cycle at 35 DIM, with an interval 
of 21 d and a gestation length of 280 d (Table 1). The 
simulation model was a deterministic discrete event 
model, which is described schematically in Figure 1. In-
seminations were modeled over a lactation, and it was 
assumed that calvings and subsequent inseminations 
are distributed evenly over a calendar year. Milk pro-
duction was modeled with an average lactation curve 
for a cow in her third parity. Daily milk yields were 
modeled with a Dijkstra lactation curve (Dijkstra et 
al., 1997) based on coefficients of Rutten et al. (2016).

Simulation of Fertility. Estrus is simulated as the 
occurrence of ovulation in 3-wk intervals starting at 
10.5 d after the end of the voluntary waiting period 
(VWP). Subsequently, the occurrence of estrus, me-
tritis, and early embryonic death were modeled. The 
methodology of Inchaisri et al. (2010) was used, in 
which the probability of insemination success was milk 
yield dependent.

The first step of the model was to determine the 
average DIM of first insemination. This DIM was de-
termined from the assumed VWP of 84 DIM plus the 
average number of days to the first estrus after the end 
of the VWP. For simulation of estrus, it was assumed 

Table 1. Input variables and their sources of origin for variables in the simulation model

Variable Value  Unit  Source

Herd size 100 No.  
Voluntary waiting period 84 d Inchaisri et al., 2010
Conception rate 50 % Inchaisri et al., 2010
Milk production 8,572 kg/305 d CRV, 2016
Ketosis    
 Duration 125 d  
 Incidence 12.9 % Adapted from van der Drift et al., 2012
 Elevated incidence 52.4 % Adapted from van der Drift et al., 2012
 Effect on milk yield −5.6 % Adapted from van der Drift et al., 2012
 Milk yield effect: nonketotic cows after ration adjustment 0.5 % Authors’ expertise
Disease    
 Mastitis incidence 27 % van Soest et al., 2016
 Relative risk for mastitis because of ketosis 3.33 — Raboisson et al., 2014
 Displaced abomasum incidence 5.1 % Le Blanc et al., 2005
 Relative risk for displaced abomasum because of ketosis 1.61 — Raboisson et al., 2014
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that the estrus cycle length was 21 d. Each subsequent 
insemination is assumed to occur at, on average, 21 d 
after the previous one and that 5% of the cows would 
skip 1 full estrus cycle.

Based on the sensitivity of estrus detection, the 
probability that a cow being in estrus is detected was 
calculated per DIM according to the methodology of 
Steeneveld and Hogeveen (2012). This probability of 
detection was corrected for the relative DIM to the 
peak milk yield of the lactation.

The conception rate was estimated on each DIM for 
an average lactation. This included a base conception 
rate adjusted with a DIM-dependent factor, corrected 
for disease effects, the fertility difference between 
primi- and multiparous cows, and the occurrence of 
early embryonic death and metritis. The correction for 
disease effects assumed an incidence of 7% and an ef-
fect on conception rate of 38.5/47.4 (Inchaisri et al., 
2010). The correction for fertility difference between 
primi- and multiparous cows assumed 32% primiparous 
cows in the herd with a conception rate that was 5 
percentage points above the conception rate of mul-
tiparous cows (Inchaisri et al., 2010). The occurrence 
of early embryonic death and metritis was assumed to 
prohibit ovulation or conception. For both disorders, 
an incidence of 7% was assumed (Inchaisri et al., 2010), 
which resulted in 14% of the cows experiencing a dis-
ease that delays pregnancy. The overall conception rate 

of an average cow at each DIM was the product of the 
base conception rate, probability of estrus detection, 
and probability of conception. At each insemination the 
average overall conception rate was used to determine 
the average number of cows that conceived on the re-
spective DIM.

Simulation of Hyperketonemia. The prevalence 
of hyperketonemia was reported to range from 0 to 80% 
with a mean of 11.2% (van der Drift et al., 2012). For 
the duration of disease it was assumed that hyperke-
tonemia occurred once per lactation. With an average 
calving interval of 420 d, the average duration of dis-
ease for hyperketonemia was 420/365.25 = 0.87 yr. For 
milk production, van der Drift et al. (2012) reported 
a decrease in milk production of 2 kg/d at an average 
of 35.8 kg/d, which equals a decrease of 5.6%. It was 
assumed that this decrease lasted for 125 d. So, the 
decrease in milk production was assumed to last for 305 
d – 55 DIM divided by 2. This assumption was based 
upon the observation that at 60 DIM the prevalence 
of hyperketonemia decreases strongly and hyperketo-
nemia is observed first at 5 DIM (van der Drift et al., 
2012). The decrease in milk production was assumed 
to develop and cure gradually over time. Therefore, a 
gradual decrease over 5 d was assumed at the start of 
hyperketonemia and a gradual return to normal milk 
production over 15 d at the end of hyperketonemia. 
Furthermore, for hyperketonemia the conception rate 

Figure 1. Schematic description of the simulation model that simulates reproduction and lactation of a herd of average dairy cows in a 
discrete event model.
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was assumed to be 0.2% lower. Higher incidences of 
mastitis and displaced abomasum were assumed for 
cows with hyperketonemia (Table 1).

Output Simulation Model

The herd simulation model estimated average techni-
cal herd performance per year in terms of milk pro-
duction, number of inseminations, calves born, and 
culled cows. To obtain these technical results, the herd 
simulation model estimated for each insemination (1 to 
6 consecutive inseminations were assumed) how many 
cows had conceived. Subsequently, the length of the 
lactation was estimated under the assumption of a ges-
tation length of 280 d and a dry-off period of 56 d. For 
this lactation length, total milk yield per lactation was 
estimated based on the lactation curve of an average 
cow. The milk yield per lactation was converted to an 
average annual milk yield by correction with a year 
factor (yf) = 365.25/lactation length. The total annual 
milk yield over all cows that did conceive was estimated 
and the average annual milk yield per cow was deter-
mined. Total annual herd milk yield was estimated by 
multiplying the average annual milk yield per cow with 
the herd size. This procedure was chosen because the 
developed deterministic discrete event model could not 
realistically simulate the complex nature of replacement 
decisions and therefore a realistic estimate of the aver-
age milk production of a culled cow and her replacing 
heifer was not considered feasible. Subsequently, the 
number of inseminations, calves, and culled cows were 
determined in the discrete event model and were each 
corrected to annual values with the year factor.

Sensors and Their Performance

The empirical illustration in this study focuses on a 
sensor that is already highly adopted (sensors for estrus 
detection) and a sensor that is currently hardly adopted 
(automated BCS). It was assumed that the sensors for 
estrus detection are mature developed sensors and do 
not make much technological progress anymore. This 
means that the gains due to technology improvement of 
“postponed investment” are only a bit higher than the 
gains of “investment now” (Figure 2A). For automated 
estrus detection it was assumed that for “investment 
now” the sensitivity would be 80% and the specificity 
95% (Hockey et al., 2010; Kamphuis et al., 2012; Rut-
ten et al., 2014). Moreover, it was assumed that the 
integration of sensor outcomes with operational farm 
management is clear. For “postponed investment,” a 
small technological improvement of the system was as-
sumed (an increase of specificity to 99%; Table 2). Both 
situations were compared with a farm where the farmer 

applies visual estrus detection with a sensitivity of 50% 
and a specificity of 100%, as assumed by Rutten et al. 
(2014).

It was assumed that automated BCS is a sensor for 
which much technological and managerial progress can 
be expected in 5 yr (Figure 2B). The performance of 
the automated BCS for both “investment now” and 
“postponed investment” is, however, unknown, and 
therefore assumptions based on expert knowledge were 
used. It was assumed that data from automated BCS 
can be used to adjust the ration when the number of 
cows in a negative energy balance increases (hence an 
increased incidence of hyperketonemia). When inci-
dence of hyperketonemia increased, the intervention 
would be an adjustment of the feed ration. It was as-
sumed that the feed ration on a dairy farm changes 
considerably 4 times per year. These changes are re-
lated to switching to the new silage made during last 
season (once for grass silage and once for maize silage), 
and the transition to pasture in spring and to the barn 
in autumn. It was assumed that using the automated 

Figure 2. Graphical representation of the improved technologi-
cal progress over time and its higher gains when the investment is 
postponed for 5 yr for estrus detection sensors (A) and for automated 
BCS (B).
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BCS can result in 3 situations, and these situations are 
described graphically in Figure 3 and input values are 
presented in Table 2. Either the automated BCS does 
not detect the increased number of cows with hyperke-
tonemia (situation 1), the automated BCS does detect 
the increased number of cows with hyperketonemia but 
the measure taken is not effective (situation 2), or the 
automated BCS does detect the increased number of 
cows with hyperketonemia and the measure taken is 
effective (situation 3). For “investment now” it was as-
sumed that each situation was equally likely to occur. 
For “postponed investment,” it was assumed that BCS 
measurements become more reliable and that better 
integration with management is possible. Therefore, 
it was assumed that the likelihood of situation 1, 2, 
and 3 was 30, 20, and 50%, respectively. Both “invest-

ment now” and “postponed investment” were compared 
with a farm without automated BCS, where detection 
of hyperketonemia was 10% slower (based on expert 
opinion) than in the situation with automated BCS.

Economic Estimations

The technical results from the simulation model 
were used to estimate annual milk revenues, feed costs, 
insemination costs, revenues from calf sales, costs of 
calving management, revenues of slaughtered cows, and 
purchase costs of replacement heifers. Prices (Table 3) 
for inseminations, labor, slaughtered cows, and purchase 
of heifers were based on the assumptions of Rutten et 
al. (2014). Additionally, it was assumed that a farmer 
checks the alerts generated by the estrus detection sen-

Table 2. Input variables for the real options theory1

Variable
Value 

(investment now)
Value 

(postpone investment)  Source

Estrus detection performance visual SN: 50%, SP: 100% SN: 50%, SP: 100% Rutten et al., 2014
Estrus detection performance with sensors SN: 80%, SP: 95% SN: 80%, SP: 99% Rutten et al., 2014; 

Authors’ expertise
Probabilities of situations for automated BCS   
 Hyperketonemia not detected and no ration measure 0.3333 0.30 Authors’ expertise
 Hyperketonemia detected and no effective ration measure 0.3333 0.20 Authors’ expertise
 Hyperketonemia detected and effective ration measure 0.3333 0.50 Authors’ expertise
1Detection performance was defined by the sensitivity (SN) and specificity (SP) of the detection algorithm of the sensor.

Figure 3. Schematic description of the feed ration adjustment on a dairy farm when the number of cows with hyperketonemia increases.
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sor. Costs for checking were assumed to be €1.5 per 
alert (Rutten et al., 2014). For the automated BCS it 
was assumed that the farmer spends half an hour per 
week on interpreting BCS data.

For hyperketonemia, additional assumptions were 
made. It was assumed that adjustment of the feed ra-
tion as intervention for a high incidence of cows with 
hyperketonemia costs €2 per cow per year (adapted 
from Bewley et al., 2010). Cows with hyperketonemia 
have increased risk on mastitis and displaced aboma-
sum. As the model already accounted for milk produc-
tion losses due to hyperketonemia, it was assumed that 
no additional losses for mastitis and displaced aboma-
sum occurred. The treatment costs (Table 3) for these 
2 disorders were included in the economic estimations. 
Subsequently, annual farm gross margin was estimated 
as the difference between revenues and costs. The ad-
ditional cash flow of applying a sensor was estimated 
by the difference in annual farm gross margin between 
the situation with a sensor and the situation without 
a sensor.

Sensitivity Analysis

In the sensitivity analysis, the effect of using differ-
ent input values on the decision “investment now” or 
“postponed investment” were evaluated. For automated 
BCS the prevalence of hyperketonemia varies between 
farms (van der Drift et al., 2012). Therefore, situations 

with a high and low incidence of hyperketonemia were 
evaluated. The feed ration adjustment was based on 
the expertise of the authors because no studies were 
available that evaluated management improvements 
from the use of automated BCS. Therefore, the situ-
ation in which a ration adjustment without effect did 
not occur, for both “investment now” and “postponed 
investment,” was evaluated. Also, sensors may become 
cheaper over time. Therefore, an additional sensitivity 
analysis was made to evaluate the situation in which 
both sensors became 10% cheaper in 5 yr.

RESULTS AND DISCUSSION

Table 4 presents the results for automated estrus 
detection and automated BCS. The cash flows that are 
attributable to the sensor technology were positive for 
both “investment now” and “postponed investment.” 
This indicates that both sensors are expected to improve 
herd management and produce a financial gain, exclud-
ing investment costs. For automated estrus detection, 
the results indicate that “investment now” results in 
a higher NPV (€15,044) than postponing the invest-
ment (€12,350). For the automated BCS, “postponed 
investment” results in a higher NPV (€3,139) compared 
with “investment now” (−€1,015). These results imply 
that it is, from an economic point of view, rational for 
farmers to postpone the investment in BCS. The results 
are in line with the study of Steeneveld and Hogeveen 

Table 3. Economic input variables and their sources of origin for variables in the model

Variable Value  Unit  Source

Price    
 Milk 0.345 €/kg Wageningen Economic Research, 2016
 Feed 0.112 €/kg Wageningen Economic Research, 2016
 Insemination 30 €/insemination Rutten et al., 2014
 Calving management 152 €/calving Inchaisri et al., 2010
 Calf 100 €/calf Rutten et al., 2014
 Heifer price 919 €/heifer Rutten et al., 2014
 Slaughter value 747 €/slaughtered cow Adapted from Rutten et al., 2014
Labor    
 Hourly rate 24 €/h Blanken et al., 2016
 Confirmation estrus alerts 5 min/alert Authors’ expertise
 Interpreting BCS data 0.5 h/wk Bewley et al., 2010
Costs for estrus detection sensor    
 System 3,600 €/herd Rutten et al., 2014
 Sensors 108 €/cow Rutten et al., 2014
 Maintenance 88 €/cow Rutten et al., 2014
 Equipment replacement 45 €/yr Rutten et al., 2014
Costs for automatic BCS    
 System 8,000 €/herd Personal communication
 Maintenance 5 €/cow per yr Personal communication
Discount rate 5 % Authors’ expertise
Technical lifetime 10 yr Authors’ expertise
Additional feed costs after ration adjustment 2 €/cow per yr Bewley et al., 2010
Cost of disease    
 Treatment of mastitis 38.1 €/case Adapted from van Soest et al., 2016
 Treatment of displaced abomasum 440.53 €/case Personal communication
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(2015) who found that farmers did not (yet) invest in 
sensors because they are waiting for improved versions. 
The empirical illustration suggests it can be economi-
cally worthwhile to postpone investments in sensors for 
which there is much uncertainty, even if the NPV of 
an immediate investment is positive. Also, the current 
high adoption of automated estrus detection sensors 
(Steeneveld and Hogeveen, 2015) can be explained 
as rational, because the NPV of “investment now” is 
higher than the NPV of “postponed investment.” So the 
expected improvements in performance do not outweigh 
the advantages of immediate investments. Overall, these 
results highlight that uncertainty about future sensor 
performance and uncertainty about whether improved 
informed decision support will become available play 
important roles in investment decisions.

Because of all the uncertainties and assumptions 
made, it cannot be concluded whether investment in 
automated BCS is profitable now or in the future. The 
current study merely illustrates that the uncertainties 
are there and that it is difficult to predict whether 
investment is profitable when so many uncertainties 
are involved. Dairy farmers who are interested in au-
tomated BCS will face the same issues as they cannot 
estimate what automated BCS will gain them and this 
may form a rational reason to postpone investment.

The current study was built upon the assumption 
that there is much uncertainty for the hardly adopted 
sensors. Automated BCS was chosen as an example 
because it is a sensor for which studies on the techni-
cal aspects of automatically measuring BCS have been 
published but evaluation of management and economic 
benefits have not. The same holds for sensors such as 
pH boluses or sensors for lameness detection (Rutten et 
al., 2013). Indeed, much uncertainty was present about 
the automated BCS because no scientific literature was 
available on the many input variables on hyperketo-
nemia and the performance of the automated BCS, 
and therefore authors’ expertise had to be used. First, 
hyperketonemia has a wide range of prevalence (van 
der Drift et al., 2012; McArt et al., 2015; Mostert et al., 
2018), and the prevalence and severity of hyperketone-
mia are debated (Mostert et al., 2018). Second, it was 
assumed that the main benefit of the automated BCS 
was the ability to adjust the feed ration to the cows’ 
needs and to prevent hyperketonemia problems. The 
magnitude of improvement in feed ration adjustments 
by using automated BCS was, however, unknown, and 
also the effectiveness of an adjustment in the feed ra-
tion is unknown. Because of this lack of knowledge, 
variables on hyperketonemia and on the effect of the 
automated BCS were included in the sensitivity analy-
sis (Table 5). When the incidence of hyperketonemia 

was reduced to 25%, the NPV of both “investment now” 
and “postponed investment” were negative, implying 
the investment should neither be undertaken now, nor 
5 yr from now. On the other hand, when the incidence 
of hyperketonemia was increased to 75% the NPV were 
positive though higher for the postponed decision. The 
finding of a higher NPV for the decision to postpone 
the investment implies that it is optimal for the farmer 
to select this option. Increasing the chance that hyper-
ketonemia is detected and changing the effects of a feed 
ration adjustment influenced the NPV strongly. In the 
default scenario, postponing the investment in a BCS 
sensor had a €4,154 higher NPV than investing now, 
whereas with a better detection and a more effective 
ration measure postponing the investment had a €1,339 
higher NPV. This implies that waiting for improved 
versions will be worthwhile. After a price decrease of 
10% “investment now” was still more profitable for 
automated estrus detection and still not profitable for 
automated BCS. So, within the constraints of this il-
lustrative study, a price decrease of 10% over 5 yr did 
not affect the timing of investment.

Besides the assumptions because of uncertainty for 
the hardly adopted sensors, other assumptions were 
also made. First, the simulation model was determinis-
tic and therefore the stochastic nature of, for instance, 
hyperketonemia incidence, effect of ration adjustments, 
and detection of hyperketonemia were ignored. For 
these factors the input values will in practice vary 
between farms and will in reality be described by a 
probability distribution rather than by a fixed value. 
As these probability distributions were unknown, real-
istic stochastic modeling is difficult at this moment. For 
future research, stochastic modeling would be an inter-
esting approach to further investigate the uncertainty 
and risk that is associated with investment decisions 
for sensor technology. Second, technological progress 

Table 4. Results of the investment analysis of a sensor for estrus 
detection and for automated BCS1

Item
Investment  

now
Postpone  

investment Δ

Automated estrus detection    
 Investment (€) 14,400 14,400 0
 Additional cash flow (€/yr) 3,813 3,906 93
 NPV (€) 15,044 12,350 −2,694
Automated BCS    
 Investment (€) 8,000 8,000 0
 Additional cash flow (€/yr) 905 1,555 650
 NPV (€) −1,015 3,139 4,154
1The additional cash flow is the financial gain that results from the 
use of a sensor. The net present value (NPV) for investment now was 
estimated over a 10-yr period, and the option to postpone investment 
was estimated over a 10-yr period 5 yr from now.
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was considered at 2 fixed (now and 5 yr from now) 
points in time. Therefore, technological progress in the 
period between these 2 time points was ignored. For 
some aspects of technological progress, this assumption 
is realistic. For instance, improved camera technology 
for the automated BCS will become available on the 
market at some moment, but the exact point in time on 
which the improvement becomes available is unknown. 
For other aspects of technological progress the assump-
tion of 2 fixed moments in time is less realistic. For 
instance, improvement in detection algorithms may 
become available as part of a software update for a 
sensor system. So, technological progress over the 5-yr 
period as assumed in the current study will develop in 
practice in a more constant way. When improvement is 
more constant, and with a positive NPV, investing now 
becomes the best option in more cases. For a full analy-
sis, depreciation also needs to be taken into account as 
sensors wear out and new investments are necessary. 
Including depreciation is realistic for sensors and will 
influence the NPV of investing now in a positive way. It 
is also possible to analyze the NPV based on a cascade 
of options. In that case the result of investing now and 
investing in better technology in 10 yr can be deter-
mined. Finally, the developed model was at the farm 
level, and no benefits of treatment of individual cows 
for ketosis were included. Including such benefits can 
increase the NPV of the BCS sensor.

The illustration in the current study helps to under-
stand the effect of uncertainty of future technological 
progress on the adoption of sensors by dairy farmers 
and can explain why dairy farmers do not (yet) adopt 
sensors on their farms. Hence, the results suggest that 
uncertainty about future technological progress can 
be an important driver in the adoption of technology, 
an observation that was also made in previous studies 
(e.g., Purvis et al., 1995; Tozer, 2009). Previously, Kue-
hne et al. (2017) designed a tool to predict the adoption 
of new farming practices and concluded that benefit of 
the investment was one of the important indicators of 
adoption. Other important indicators were environmen-
tal impact and ease and convenience of the practice. 
The concepts and considerations presented in the cur-
rent paper can be used for development of strategies to 
enhance adoption by farmers, and 3 examples of these 
strategies will be discussed. First, the results imply that 
a better insight into the economic benefits can enhance 
adoption of a sensor technology. A requirement for an 
economic analysis or investment analysis is that the 
performance and management benefits of a sensor are 
known and quantified. Previously, investment analyses 
for automated estrus detection have been conducted. 
Østergaard et al. (2005) estimated the breakeven point 
for investing in a system for online progesterone mea-
surements, and Rutten et al. (2014) determined whether 
investing in automated estrus detection was profitable. 

Table 5. Results of the sensitivity analysis of a sensor for estrus detection and for automated BCS1

Item
Investment  

now
Postpone  

investment Δ

Investment      
 Automated estrus detection 14,400 14,400 —
 Automated BCS 8,000 8,000 —
Hyperketonemia incidence 25%      
 Additional cash flow (€/yr) 244 528 284
 NPV (€) −6,114 −3,075 3,039
Hyperketonemia incidence 75%      
 Additional cash flow (€/yr) 1,448 2,400 952
 NPV (€) 3,178 8,251 5,073
Probabilities of situations for automated BCS2    
 Additional cash flow (€/yr) 1,593 1,968 375
 NPV (€) 4,298 5,637 1,339
Automated estrus detection (10% cheaper)
 Investment (€) 14,400 12,960 −1,440
 Additional cash flow (€/yr) 4,418 4,450 32
 NPV (€) 15,044 13,112 −1,932
Automated BCS (10% cheaper)
 Investment (€) 8,000 7,200 −800
 Additional cash flow (€/yr) 1,241 1,857 616
 NPV (€) −1,015 3,563 4,578
1The additional cash flow is the financial gain that results from the use of a sensor. The net present value 
(NPV) for investment now was estimated over a 10-yr period, and the option to postpone investment was 
estimated over a 10-yr period 5 yr from now. 
2Situations for automated BCS were hyperketonemia not detected and no ration measure, hyperketonemia de-
tected and no effective ration measure, and hyperketonemia detected and effective ration measure. Probabilities 
for these situations for investment now were 50, 0, and 50%, respectively. Probabilities for these situations for 
postpone investment were 40, 0, and 60%.
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Bewley et al. (2010) described models for analyzing an 
investment in sensor systems. This can help to inform 
farmers of the benefits of a sensor. Second, informed 
decision support, or advice relevant for operational 
management, as part of the sensor system is often lack-
ing (Rutten et al., 2013). Estrus is an exception to this 
observation because the sensor produces a clear output 
(estrus alert), which has a clear management decision 
attached to it (breed or not). This difference in develop-
ment, namely a clear link to and value for operational 
management, versus an unclear link and value, between 
estrus sensors and other sensors may well be a reason 
for the difference in adoption. Until now most research 
on sensors has focused on the detection of diseases or 
estrus and not on decision support possibilities based 
on the available data (Rutten et al., 2013). Therefore, 
offering decision support to farmers applying sensor 
technologies would be helpful in improving the value 
of sensor for operational management and would be a 
topic for future research. Finally, another way to reduce 
uncertainty can be offering support or demonstration 
of how the sensor can be used. Also, the guaranteed 
inclusion of (software) updates during the lifetime of 
the sensor can help to increase the benefits of investing 
now by facilitating access to future improvements. The 
importance of customer support has been highlighted 
before (Eastwood et al., 2012). Proper support could be 
used to help farmers to use sensor technology and gain 
more benefits from the sensor system and therefore re-
duce their uncertainty about the technology. Manufac-
turers of sensors can, therefore, consider the concepts 
presented in this study in their marketing.

CONCLUSIONS

This study illustrated that uncertainty about the 
benefits of a sensor, potential future improvement of 
sensor technology, and expected better management 
information from a sensor, form rational economic rea-
sons to postpone investment in sensors. The uncertain-
ties on the benefits of an automated BCS and the lack 
of knowledge on input values for the estimations were 
large and did prohibit conclusions on the profitabil-
ity of such a system. The concepts and considerations 
presented in this paper can be used for further develop-
ment of strategies to enhance adoption by farmers.
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