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A B S T R A C T   

Feeding and drinking behavior of individual growing-finishing pigs can be used for health and welfare moni
toring by real time warning systems. The objective of this study was to develop and test a model detecting 
deviating feeding and drinking behavior of individual growing-finishing pigs based on Radio-Frequency Iden
tification (RFID) registrations. Feeding and drinking behavior of growing-finishing pigs was recorded through 
low frequency RFID readings via ear tags. In three 16-week batches, twelve pens containing each twelve pigs 
were equipped with one drinker and two feeders. Four readers (each with eight antennas) recorded feeding and 
drinking activity of each individual pig in the pens. All tag readings were combined into visits, and subsequently 
visits into meals. The analyzed variables were number of meals per day, average interval between meals and 
maximum interval between meals per day for both feeding and drinking. A correlated-variables model with a 
Kalman filter was developed, generating alerts when the daily level was deviating from the expected level. For 
illustration of model results, the model was validated with culling recordings, which included all pigs that died or 
were euthanized during the experiment. Most cases of culled pigs corresponded with alerts given by the model, 
but sensitivity was hard to determine due to low number of cases and specific circumstances of the culled pigs. 
The specificity of the model was similar for feeding and drinking behavior, and was highest for number of meals 
(93–99%), followed by the average interval between meals (90–96%) and the maximum interval between meals 
(86–97%), depending on desired confidence interval. The developed model is promising for early detection of 
health problems in growing-finishing pigs, but further validation should occur on a bigger scale in order to in
crease accuracy of results and improve knowledge required for practical implication of the model.   

1. Introduction 

In growing-finishing pig farming, increasing farm size and produc
tivity lead to difficulties in monitoring of pig’s health and welfare by 
farmers [1,2]. Farmers’ daily checks through visual observation may be 
inaccurate and are known to cause changes in animal behavior due to 
human presence [3]. Automated monitoring of FDB was suggested to be 
valuable in early detection of health and welfare problems in cows [4–6] 
and pigs [5,7]. Feeding and drinking behavior are closely related [8], 
and are both important indicators for health and welfare of animals 
[9–11]. 

Feeding and drinking behavior of growing-finishing pigs can be 
quantified and examined in several ways. Next to the amount of feed or 
water consumed, the duration, frequency and rate of consumption are 
important variables in FDB [12]. Also non-nutritive visits, where no feed 

is consumed during visits to a feeding area, are important variables, as 
they can be used to monitor interest in the feeding area [13,14]. Hence, 
the complexity and differences in individual FDB requires individual 
monitoring of FDB of pigs in order to improve detection of health and 
welfare issues. This can contribute to preventing outbreaks of disease, 
decreasing usage of antibiotics, and allowing for a sustainable and 
economically efficient pig production. 

The use of Radio Frequency Identification (RFID) registration has 
been previously reported to be suitable for monitoring of individual pigs 
[15–17]. Already two decades ago, single-space computerized feeding 
stations were used to record individual feed intake in group-housed pigs, 
mainly under experimental circumstances due to high costs of the 
feeding stations [18]. Nowadays, electronic RFID registrations can be 
used for monitoring of individual feed intake [19,20], and it is more 
cost-efficient than a computerized feeding station [21]. During a 
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pneumonia outbreak, daily feeding time measured through RFID 
decreased in growing-finisher pigs treated for pneumonia [19]. Mase
lyne et al. [20] developed a detection model based on feeding patterns 
where severe health problems in individual pigs were detected on 
average within 1.3 days from the start of the health problem. Hence, 
monitoring of FDB through RFID registration may contribute to 
improving early detection and treatment of health and welfare issues in 
growing-finishing pigs. 

Previous research into RFID monitoring mainly focused on either 
monitoring feeding behavior or drinking behavior. Monitoring both 
feeding behavior and drinking behavior can be useful in generating a 
more detailed behavioral pattern, thereby increasing accuracy in 
detecting potential health problems. Also, the development of early 
warning systems through the use of deviating behavioral patterns re
quires improvement before practical application [13,20]. Hence, the 
objective of this experiment was to study whether a correlated-variables 
model using a Kalman filter can be used to detect deviations in indi
vidual FDB in growing-finishing pigs based on low frequency (LF) RFID 
registration in order to improve detection of health problems. To ach
ieve this, the first task was to develop a correlated-variables model using 
a Kalman filter detecting deviating FDB on individual growing-finishing 
pig level based on low frequency (LF) RFID registration. A second task 
was to evaluate the monitoring model, where illustrative results were 
generated. 

2. Materials and methods 

The experiments were conducted at the former Dutch Swine Inno
vation center (VIC Sterksel) in the Netherlands between June 2019 until 
November 2020. In the experiment, 12 pens were used with a size of 2.5 
m width and 5.0 m long. Each pen was equipped with one drinker and 
two (combined) feeders (Fig. 1). The pens had a slatted floor. During 
three batches (Batch 1, Batch 2 and Batch 3) 12 growing-finishing pigs 
per pen were included in the experiment throughout their entire 
growing-finishing phase. The growing phase started around nine weeks 
of age and ended at slaughter which was around six months of age. Per 
batch, pigs were delivered to the slaughterhouse in one or two runs, 
depending on whether pigs had received the desired slaughter weight. 
This resulted in a growing-finishing phase ranging from 16 to 18 weeks. 
Weight data and slaughter dates per batch are presented in Table 1. Each 
pig was equipped with an LF RFID tag in the right ear. 

Four readers, each with eight antennas were available to register the 
tag readings at each drinker and feeder (Agrident GmbH, reader type 

ASR650). Indoor climate data (temperature, relative humidity, CO2 and 
NH3) were continuously recorded in the room of the pens using one 
sensor (Hotraco Agri, Thomas® Climate). Daily visual health checks of 
all pigs were carried out by the caretaker aimed to detect health im
plications like lameness, lung problems and other diseases. Based on the 
daily health checks, decisions for treatment were taken. Data of treat
ments were recorded for Batch 2. Data of cullings (pigs that died or were 
euthanized during the experiment) were recorded for all three batches 
and used for validation of the monitoring results. 

In the second and third batch, one weighing platform (Hotraco Agri, 
Thomas® Animal Weighing system) was installed and created a passage 
at the back of two neighboring pens (see Fig. 1), resulting in a different 
pen design compared with Batch 1. For these two pens, weighing re
cordings were available anonymously and were not connected to a 
specific pig. Weighing recordings could therefore not used any further in 
this study, but this explains the difference in pen design in these pens. 

For all three batches, readings of the RFID tags were recorded up to 
10 times per second (ms). All reading data were saved per reader in 
separate files per day. For every reading, RFID number, date, time and 
antenna number was recorded. The combination of reader and antenna 
number identified a drinker or feeder. Microsoft Access was used for 
storage and preprocessing of the data. Tag readings were combined into 
visits based on a bout criterion of 20 s [16], meaning that tag readings 
with an interval of ≤20 s of the same pig and same location were 
combined into visits (s). The time stamp of the first reading was used as 
starting time, and the time stamp with the last consecutive interval that 
was ≤20 s as the ending time. In a following procedure, visits were 
combined into meals by applying a meal criterion of 900 s, which was 
calculated based on the method of Tolkamp and Kyriazakis [22]. Similar 

Fig. 1. (Color-printed): Overview of the experimental set-up of 12 pens, with each one drinker; two feeders; four readers, each with eight antennas; one weighing 
platform (with reader and two antennas) connecting pen 5 and 7 (only in Batch 2 and 3). Location of the readers and antennas are illustrative. 

Table 1 
Average start weight and end weight, and slaughter dates per batch of 144 pigs.  

Batch Average start 
weight (kg) ±
STD 

Average end 
weight (kg) ±
STD 

Slaughter date 
first delivery 

Slaughter date 
second delivery 

1 21.13 ± 4.27 114.29 ±
14.54 

September 17th, 
2019 

October 10th, 
2019 

2 23.87 ± 3.542 123.02 ±
11.93 

June 16th, 2020 July 1st, 2020 

3 23.26 ± 3.22 126.08 ±
14.73 

October 21st, 
2020 

n/a1  

1 n/a = not applicable. 
2 n = 78. 
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meal criterions for pigs are summarized by Maselyne et al. [11]. This 
resulted in availability of two types of behavioral variables: drinking and 
feeding. 

The visits and meals per pig per day were used to develop the 
following characteristics for monitoring of individual pigs: number of 
visits per day, average interval between visits per day, maximum in
terval between visits per day, number of meals per day, average interval 
between meals per day and maximum interval between meals per day. 
For each of the six monitoring characteristics a similar correlated- 
variables model was developed. MATLAB [23] was used for further 
data processing. To determine correlated variables, Pearson correlations 
per pig of Batch 2 were calculated between all six monitoring charac
teristics and the following seven influence variables: the value of the 
characteristic yesterday, the value on the day before yesterday, the 
average value of all pig in the same pen on the same day, the average 
temperature on the same day, the average CO2 concentration on the 
same day and the average NH3 concentrations on same day. Variables 
with high number of pigs with significant (P < 0.05) correlations for all 
six monitoring characteristics were selected for the model. The same 
selection procedure of correlated variables was used for all six 
characteristics. 

A linear relationship of the characteristic and the selected variables 
was assumed. A Kalman filter was used to fit the parameter values in this 
relationship per pig daily. An observation equation and a system equa
tion are needed for a Kalman filter [24]. The following observation 
equation is applied: 

Yt = F′

tθt + vt, vt ∼ N[0,Vt], (1) 

In these equations Yt is an observation vector, θt is the state vector, Ft 

is the design matrix which describes the relation between the state and 
the observation, vt is the random observation error and Vt is the 
variance. 

The system equation was: 

θt = Gtθt− 1 + wt, wt ∼ N[0,Wt], (2) 

Where Gt is the system matrix, describing the relation between 
current state t and the previous state t-1. The system matrix was inde
pendent of pig and day; wt is the system error and Wt is the variance. 

The final model was ran for each pig and every day for each moni
toring characteristic. A correctly detected case was defined as a case of 
which an alert was generated within the last seven days with recording 
data before a culling event. The sensitivity of the model was determined 
following Eq. (3) indicating the percentage of correctly detected cases 
per batch. Specificity was determined following Eq. (4) indicating the 
percentage of healthy days without alert per batch. 

Sensitivity (%)
1
=

TP
TP + FN

(3)  

Specificity (%)
1
=

TN
TN + FP

(4) 

1) TP = True Positive, number of cases with one or more alerts given 
by the model that overlaps with a culling recording over a seven-days 
period preceding the culling date, FP = False Positive, the number of 
days with alerts given by the model that do not show an overlap with a 
seven-days period preceding culling dates, FN = False Negative, the 
number of cases without any alert in a seven-days period preceding the 
culling date, TN = True Negative, the number of days without an alert 
outside a seven-days period preceding culling dates. 

An overview of the number of tag readings and percentage of days 
with uptime less than 20 h per batch is shown in Table 2. Per visit, an 
average of 131 tag readings were used. Per meal an average of 5 visits 
was used. Per batch around 160 million tag readings were recorded. Due 
to technical problems (mainly network problems as a result of broken 
wires), in Batch 1 51% of the reading hours were missing (uptime less 
than 20 h per day), in Batch 2 28% was missing and in Batch 3 30% was 
missing. If no readings were available during one hour, this hour was 
classified as a failure hour. Also the first hour with readings before and 
after the failure hour were classified as a failure hour, as it was uncertain 
when readings started again. Days including a failure period were not 
used for analysis, and intervals between visits on one day were not 
determined if the period before the visit/meal overlapped with a failure 
period. An illustration of the number of meals at the feeder and drinker 
during the 16-week cycle of one pen of Batch 2 is shown in Fig. 2. Gaps 
indicate missing data. The pigs of Batch 2 are delivered to the slaugh
terhouse in two runs, which explains the sudden drop in number of 
meals from day 171 onwards. 

For illustration of the available data, all recorded visits to the drinker 
and feeder in a pen on one day are presented in Fig. 3. Visits can be to a 
drinker or one of the two feeders (feeder visits are combined). In general, 
periods with activity from all pigs in the pen alternate with resting pe
riods where activity is low. 

3. Results 

A correlated-variables model was developed predicting the daily 
level of meals to a feeder and drinker per pig. The analysis of potentially 
correlated variables is presented in Table 3. From this analysis, the 
following correlated variables for feeding and drinking were deter
mined: the value of the day before the day of interest, the value of two 
days before the day of interest and the average value of the other ani
mals in the same pen on the day of interest. Little correlations between 

Table 2 
Percentage of days with uptime less than 20 h, number of readings, visits and meals for feeding and drinking per reader (reader 5 is on the weighing platform) per 
batch.1    

Reader Nr. 
Batch Item 1 2 3 4 5 Total 

1 days uptime < 20 h 36% 61% 68% 62% n/a2 51%  
# readings 48,729,315 38,373,559 31,247,852 33,024,646 n/a 151,375,372  
# visits 299,279 245,988 196,077 198,649 n/a 939,993  
# meals 58,820 50,835 42,990 44,350 n/a 196,995 

2 days uptime < 20 h 49% 26% 23% 30% 11% 28%  
# readings 31,675,394 46,228,483 43,866,491 44,780,502 1660,406 168,211,276  
# visits 227,302 349,709 327,865 331,887 43,166 1279,929  
# meals 39,688 71,770 68,736 63,989 22,262 266,445 

3 days uptime < 20 h 30% 30% 38% 25% 38% 30%  
# readings 38,399,708 44,993,180 38,446,086 52,029,279 868,299 174,736,552  
# visits 301,600 350,340 257,558 358,507 21,724 1,289,729  
# meals 53,580 67,448 53,481 69,850 13,791 258,150  

1 In Batch 2 and 3 reading interval of the antennas was lower than in Batch 1 to reduce the amount of readings. 
2 n/a = not applicable. 
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FDB and climate were found, and this data is therefore not used in the 
model. 

Eq. (3) shows the model equation for number of meals as an example, 
which was constructed based on the correlated variables. 

NrMeals(d) = α1 + α2⋅NrMeals(d − 1) + α3⋅NrMeals(d − 2)

+ α4⋅AvgNrMeals(d) (3)  

where d = today, d − 1 = value of yesterday, d − 2 = value of the day 
before yesterday, α1, α2, α3 and α4 = parameter for the respective 
variable. 

For the other feeding and drinking variables (average interval be
tween meals and maximum interval between meals) the same equation 
applied. The values of the parameters α1, α2, α3 and α4 appeared to vary 
between pigs and appear to be time dependent. Therefore, a Kalman 
filter was used to fit these parameter values per pig on-line [25]. The 
following observation matrix is used in the Kalman model: 

Ft = [F11 F12 F13 F14]

Where F11 = 1, F12 = the value on the day d-1, F13 = the value on day d-2 
and F14 = the average value of all pig in the same pen on day d. The 
system matrix was equal to the identity matrix. In this way, values were 
updated per pig per day, together with a variance-covariance matrix for 

these values that can be used to calculate confidence intervals (CI). Age 
effect is not corrected for, as the Kalman filter takes the development 
and the corresponding change in behavior of the pig into account by 
using the historical data of each pig individually. Alerts were generated 
when the difference between predicted and real level for a pig on a day is 
too big. If pigs had either a deviating (when error is outside CI) for one or 
more of the feeding or drinking variables (e.g. number of meals, average 
interval between meals and maximum interval between meals) an alert 
was generated. Several CI options were considered: a 95%, 99% or 
99.9%. An example of the monitoring process of meals to the drinker and 
feeder for one pig is depicted in Fig. 4. 

The first illustrative results of the model include classification results 
(Table 4) and results on specificity and false positive alerts (Table 5). For 
both feeding and drinking, number of meals per pig per day is the most 
suitable variable to use in generating alerts when the level is deviating 
from the expected level. Classification results differed per batch and 
variable (Table 4). Sensitivity ranged from 0 to 100%, but is not pre
sented further due to unreliable results due to limited number of culling 
cases and effects of specific circumstances per case. For Batch 1, the high 
level of technical problems resulted in low detection of deviating FDB. In 
three out of the four cases, an increased maximum interval between 
meals was detected for both feeding and drinking. In Batch 2, a 
decreased number of meals, increased average interval between meals, 

Fig. 2. (Color-printed): Daily number of meals at the feeder (green) and drinker (blue) during the 16-week growing-finishing cycle of one tag reader in Batch 2.  

Fig. 3. (Color-printed): All visits of 12 pigs in Pen 2 of Batch 2 between 12:00 and 18:00 hr on March 11th, 2020; each line represents all drinking visits (blue) and 
combined feeding visits (green) of one pig. 

Table 3 
Number of pigs in Batch 2 with significant Pearson correlations (P-value < 0.05) for number of meals, maximum meal interval  and average meal interval, per meal type 
and influence variable out of a maximum of 144 pigs.  

Variable Type Value yesterday Value day before yesterday T ( ◦C)1,2 RH (%)1,3 CO2 conc.1 NH3 conc.1 Value over all pigs in the same pen1 

Number Drinking 126 106 11 45 43 37 140 
of meals Feeding 127 111 7 43 43 46 142          

Average interval Drinking 43 38 7 15 13 19 102 
between meals Feeding 72 67 6 28 20 24 125          

Maximum interval Drinking 83 86 15 42 36 29 136 
between meals Feeding 104 95 14 40 35 42 139  

1 Average value. 
2 T = temperature. 
3 RH = relative humidity. 
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and increased maximum interval between meals was detected for 
drinking in four out of the five cases. For feeding, number of meals 
decreased for all five cases. One case was culled in the first days of the 
experiment, resulting in little reliable data to predict FDB of this animal. 

In Batch 3, decreased number of meals and increased average interval 
between meals was detected for both drinking and feeding in all five 
cases. An increased maximum interval between meals was detected for 
both drinking and feeding in four out of five cases. In every cycle, 
technical problems resulted in missing data in the days before some of 
the culling cases. 

For all batches, specificity was highest for number of meals 
(93–99%), followed by the average interval between meals (90–97%) 
and the maximum interval between meals (86–97%), depending on 
desired confidence interval (Table 4). Number of valid days was lower in 
Batch 1 compared with the other two batches. This can be attributed to a 
high percentage of missing records due to technical errors in this batch 
(Table 2). 

4. Discussion 

The objective of this study was to develop a monitoring model 
detecting deviating FDB on individual pig level based on LF RFID 
registration in order to improve detection of health problems. The first 
illustrative validation results of the developed model are promising, but 
further validation is required. Sensitivity of the model could not be 
determined as only a few cases of culled pigs were available per batch 
and some of these cases had little data recordings available due specific 
circumstances. To calculate specificity sufficient data was available. 
Both for feeding and drinking, specificity was higher for number of 
meals (93–99%) than for the average (90–96%) and maximum 
(86–97%) interval between meals, depending on desired CI. For a reli
able model adequate specificity is required in order to reduce the 
number of false alerts, and adequate sensitivity is required to detect the 
as many health problems as possible. In a similar study by Maselyne 
et al. [20], a model using the concept of Synergistic Control for numbers 
of feeding visits showed a sensitivity of 58.0%, and a specificity of 
98.7%. Another study developing a warning system to detect water 
intake variation in sows reported specificities ranging from 32% to 92% 
and sensitivities ranging from 34 to 83% [26]. For practical application 
one should balance between desired sensitivity and acceptable speci
ficity, and further validation of the current model should take place on a 
bigger scale in order to gain sufficient cases of health problems. 

A high performance of the warning system is desired, but hard to 
achieve due to the complexity of FDB. For example, deviating behavior 
does not necessarily have to be associated with health problems, but 
may be attributed to other influences like change in diet, climate, 
defining the social ranking or other stress factors. Also, some animals 
may show a gradual, long-term change in behavioral pattern which may 
not be detected by the model but can be associated with subclinical 
disease. In a previous study of De Mol et al. [27], day-to-day variation of 
cows behavior was used to detect lameness problems. In this study a 

Fig. 4. (Color-printed): Example of monitoring per pig 
with numbers of meals per day to the drinker (A, blue dots 
connected by solid line) and feeder (B, green dots con
nected by solid lines) relative to January 1st, 2020. For 
both plots: solid cyan is average number for this pen, solid 
magenta line is fitted value (with dotted magenta line as 
95% confidence interval (CI)) and alerts in top line when 
value is outside the CI (▽ for decreased values, Δ for 
increased; orange for 95%, red for 99% and black for 
99.9% CI).   

Table 4 
Classification results of Batch 1 containing 4 cases (A), Batch 2 containing 5 
cases (B), Batch 3 containing 5 cases (C) based on number of meals per day, 
average interval between meals and maximum interval between meals for 
feeding and drinking for all cases of culled pigs.1,2  

A   Case Nr. 

Batch Variable Type 13,5 23 33 4  
1 Decreased number of 

meals 
Drinking – – – –    

Feeding – – – –   
Increased average 
interval between meals 

Drinking – – – –    

Feeding ** * – –   
Increased maximum 
interval between meals 

Drinking – – ** ***    

Feeding – – ** ***   
Missing days per case  6 5 7 2  

B   Case Nr. 

Batch Variable Type 14 25 33 43 53 

2 Decreased number of 
meals 

Drinking * – * *** –   

Feeding ** *** * * –  
Increased average 
interval between meals 

Drinking *** *** ** * –   

Feeding – – – – –  
Increased maximum 
interval between meals 

Drinking *** * ** *** –   

Feeding – – *** – ***  
Missing days per case  0 7 6 6 4 

C   Case Nr. 

Batch Variable Type 1 25 35 43,5 54 

3 Decreased number of 
meals 

Drinking ** *** ** ** *   

Feeding * – – * ***  
Increased average 
interval between meals 

Drinking *** *** *** *** ***   

Feeding *** *** *** *** *  
Increased maximum 
interval between meals 

Drinking *** *** *** – ***   

Feeding *** *** ** – ***  
Missing days per case  1 1 1 7 –  

1 *=outside 95%, **=outside 99%, ***=outside 99.9% confidence interval. 
2 Sensitivity results have not been calculated due to limited number of cases. 
3 Missing data during seven days before the case date. 
4 Case in first days of the experiment (only 3 days available). 
5 Alerts generated before case period. 
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quadratic-trend model was fitted with a dynamic linear model on-line 
per cow which allowed detection of gradual development of lameness 
over time [27]. Development of a similar model could be valuable in the 
current study, in order to improve the detection of gradual behavioral 
changes. Also, it may occur that a certain health problem is not 
accompanied with a change in the measured FDB variable in this model 
at all. Hence, the alerts generated by the model are useful for easy 
practical application, but farmers should always be cautious and not 
fully rely on the system. 

The first illustrative results of the model are promising. The model 
was tested based on Batch 2 and validated using all three batches. For 
Batch 2 culling and treatment recordings were used to compare the 
alerts given by the model with the health status of the specific pig. Only 
including culling recordings and excluding treatment recordings only 
resulted in a minor change in results, due to low number of treatment 
recordings and high correlation between treatment and culling re
cordings in individual pigs. Therefore, it was decided to only use culling 
recordings for validation of all batches, also because the treatment data 
of Batch 1 and 3 is missing. With this validation method however, health 
treatments and undetected problems not leading to a culling remain 
unvalidated. This may also be partly attributed to the defined case 
period of seven days before a culling. In some cases significant changes 
in behavior were detected days or weeks before the defined case period, 
and these were therefore indicated as false positive alerts. This deviating 
behavior may however already be an early indication of a health 
problem. Inclusion of treatments recordings, and detailed analysis of 
false positive cases, including video analysis, could contribute to 
reducing false positive alerts and thereby increasing the model perfor
mance. Also, elaboration of the model with other monitoring variables 
like daily weighing recordings, combined with a daily health check by a 
trained researcher or veterinarian could contribute to a more detailed 
and accurate monitoring system. Overall, further model validation is 
required based on more validation data to improve the accuracy of the 
system. 

Two pens in Batch 2 and 3 contained a weighing platform, equipped 
with readers. These readings were not used in the study because of 
absence of suitable visit criteria and meal criteria in literature. During 
sickness, animals generally decrease their time spending eating and 
drinking, and increase their resting time [6]. Hence, differences in 

individual visiting patterns to the weighing platform compared with 
visits to the drinker and feeders can give more detail in individual 
behavioral patterns, thereby allowing more accurate detection of de
viations. To achieve this first suitable visits criteria and meal criteria 
should be developed. 

When clustering the tag readings into visits, no minimum of readings 
was required to be turned into a visit. Generally, tag readings take place 
several times per second. However, some visits only consist of one tag 
reading. In a similar study of Maselyne et al. [17] this issue was tackled 
through including a minimum visit duration criteria of 5 s. Visits that 
were shorter than 5 s were excluded from the analysis, thereby 
increasing model sensitivity but decreasing precision of the model. It can 
be questioned whether it is fair to include these readings as a visit in the 
current model. For further validation of the system, the relevance of a 
minimum of tag readings required for a visit should be considered and 
the appropriate minimum level should be investigated. 

Technical problems in the data collection mainly arose from 
networking problems as a result of broken wires and unstable internet 
connection. Generally, this resulted in missing data for several consec
utive hours or days. To be able to construct a reliable behavior pattern of 
the pigs, missing data for more consecutive days increases the risk of 
missing a deviating behavior. Hence, to reduce the occurrence of tech
nical problems, suitable systems for pig stables with robust wires or 
wireless data transfer should be further developed and implemented to 
increase reliability of the system. 

The use of RFID ear tags for individual monitoring is not common in 
commercial growing-finishing pig farms. The lifespan of pig production 
is relatively short, making individual identification relatively expensive 
compared with group monitoring [28]. Nevertheless, individual iden
tification was shown to be more specific compared with group averages 
[15–17,29], thereby potentially reducing long-term on-farm health costs 
[30,31]. Also, RFID technology can be used in farm management sys
tems [32], and antibiotics-free certification in pig production. Hence, an 
integrated warning system using RFID registrations should be developed 
also including the pre-weaning and weaning period of pigs to decrease 
costs for monitoring, or in combination with other farm registration or 
monitoring systems. This contributes to improved disease detection over 
the entire pig’s lifespan, thereby increasing sustainable pig production. 

Table 5 
The number of valid days, the number of false positive (FP) alerts and the specificity (%)  per confidence interval (90%, 99% or 99.9%) of Batch 1 (A), Batch 2 (B) and 
Batch 3 (C) based on number of meals per day, average interval between meals and maximum interval between meals for feeding and drinking for all pig days outside 
culling periods.  

A    FP alerts Specificity (%) 

Batch Variable Type Valid days 95 99 99.9 95 99 99.9 
1 Decreased number of meals Drinking 5886 597 193 51 93.8 97.8 99.3   

Feeding 5809 544 180 53 95.1 98.5 99.6  
Increased average interval between meals Drinking 5852 968 636 385 92.5 95.0 96.8   

Feeding 5786 959 634 385 92.1 95.1 97.3  
Increased maximum interval between meals Drinking 5852 1146 636 350 86.7 91.5 94.9   

Feeding 5786 1179 703 381 86.5 91.7 95.3 
B    FP alerts   Specificity (%)   

Batch Variable Type Valid days 95 99 99.9 95 99 99.9 
2 Decreased number of meals Drinking 9380 496 172 36 94.6 98.4 99.6   

Feeding 9115 465 129 33 95.4 98.8 99.7  
Increased average interval between meals Drinking 9293 899 596 376 90.9 93.9 96.1   

Feeding 9040 969 631 388 90.2 93.8 96.2  
Increased maximum interval between meals Drinking 9293 1082 595 325 89.7 94.3 97.1   

Feeding 9040 1101 639 356 90.6 94.5 97.0 
C    FP alerts   Specificity (%)   

Batch Variable Type Valid days 95 99 99.9 95 99 99.9 
3 Decreased number of meals Drinking 9919 363 129 42 94.0 98.1 99.5   

Feeding 9667 287 88 22 94.4 98.1 99.5  
Increased average interval between meals Drinking 9894 439 290 188 90.2 93.6 96.1   

Feeding 9655 458 284 156 90.1 93.4 96.0  
Increased maximum interval between meals Drinking 9894 779 496 297 88.4 93.6 96.5   

Feeding 9655 784 480 273 87.8 92.7 96.1  
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5. Conclusion 

The correlated-variables model developed in this study can be used 
for monitoring of health and welfare of growing-finishing pigs by 
detecting deviation FDB using RFID registrations. For both feeding and 
drinking, number of meals per pig per day is suggested to be the most 
suitable variable to use in generating alerts when the level is deviating 
from the expected level. This was based on the fact that specificity was 
highest for average number of meals per day for both feeding and 
drinking. Sensitivity of the model was hard to determine due to low 
number of culling cases in all batches and specific circumstances for 
some of the cases. In conclusion, the current model is promising for 
detection of health problems until seven days before the culling date in 
growing-finishing pigs, but further validation of the current model 
should occur on a bigger scale in order to increase accuracy of results 
and improve knowledge required for practical implication. 
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