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Summary

Feeding patterns of pigs in the grow-finish phase have been investigated for use in
management decisions, identifying sick animals, and determining genetic differences within a
herd. Development of models to predict swine feeding behavior has been limited due the
large number of potential environmental factors involved and complex relationships between
them. Artificial neural networks have been proven to be an effective tool for mapping
complicated, nonlinear relationships between inputs and outputs. However, they have not
been applied to swine feeding behavior prediction. In this study, we developed a feed-forward
neural network model to predict feeding behavior of group-housed pigs in the grow-finish
phase throughout the year, using time of day and temperature humidity index as inputs. The
fruit fly optimization algorithm was applied to automatically select optimal parameters for the
network. Feeding behavior of pigs in a grow-finish facility was captured using an electronic
monitoring system, where feeders were equipped with antennas that pinged radio-frequency
identification (RFID) tags of pigs at the feeder every twenty seconds. The model was
calibrated on data from 1,923 pigs in the grow-finish facility from 2008 to 2014. After
calibration, predictive ability of the model was tested using data from four additional grow-
finish groups reared in the same facility from 2014 to 2016. In three of the four validation
groups, the model exhibited strong predictive ability, with correlations between predicted and
observed feeding behaviors ranging from 0.626 to 0.742. Large deviations between predicted
and observed behaviors in the fourth validation group were likely the result of an outbreak of
pneumonia, which demonstrates the potential for the model to be used in automated detection
of disease outbreak and other stress events. This work is the first step in developing a
computer-based modeling system for swine feeding behavior.
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Introduction

Feeding behavior of grow-finish pigs can be used to inform producers of both health
status and stress level. Many parameters have been studied to better understand swine feeding
behavior, including feed intake, meal length, meal interval, number of meals, and total time
spent eating (Morgan et al., 2000; Nienaber et al., 1991; Quiniou et al., 2000). Feeding
behavior is dependent on several environmental and genetic factors, including but not limited
to temperature, humidity, gender, breed, and time of day. Deviations from normal feeding
behavior may indicate that grow-finish pigs are experiencing a stressful event, such as illness,
issues with feed quality, or heat related stress. Hence, models of feeding behavior could be
used as a management tool to assess stress levels within a population and to identify sick
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animals.
Artificial neural networks (ANN) have emerged as a powerful tool in applications

where complexity of relationships between inputs and outputs makes formulating a
comprehensive mathematical model nearly impossible (Hecht-Nielsen, 1989). An ANN is a
set of computing systems that imitates learning abilities of neurons in the brain. Artificial
neural network models have the ability to handle large amounts of noisy data, without
requiring prior information of model form. An additional advantage of ANN models over
other statistical methods is that they require less training data (Paola & Schowengerdt, 1995).
The ability to learn by example makes a neural network a very flexible and powerful tool.
The objective of this study was to develop an ANN model for predicting feeding behavior
patterns of group-housed pigs during the grow-finish phase using temperature humidity index
and time of day as inputs.

Material and Methods

Data

Data were collected on grow-finish pigs (n = 2,856) from four different sire lines,
including purebred Duroc, Landrace, and Yorkshire and a 1/2 Landrace, ¼ Duroc, and ¼
Yorkshire composite, reared at the U.S. Meat Animal Research Center from 2008 to 2016
(Table 1). Pigs were placed in the barn in grow-finish groups (n = 240) at approximately eight
to ten weeks of age. Barrows and gilts were comingled and distributed into six pens with 40
pigs per pen. Animals were tagged with a low-frequency electronic identification (RFID) tag
upon entry into the grow-finish barn.

Pens were fitted with an electronic feeding system (Brown-Brandl et al., 2011) that
monitored feeding behavior. Each pen had one feeder with five feeding slots, each fitted with
an antenna and a multiplexer. Pigs were provided ad libitum access to a corn-soybean meal
diet designed to meet or exceed an animal’s nutrient requirements. Data were collected from
antennas every 20 seconds over a 4-month period. Each day of the study was incremented
into 1-hour time periods, where time period 1 represents 12:00:00 a.m. through 12:59:59 a.m.
Total number of RFID pings in each 1-hour time period in each day was computed for each
pig.

Temperature humidity index (THI; NOAA, 1976) was calculated for each time period
in each day using outside temperature (°C) and relative humidity (RH) as follows:

THI(°C) = T(°C) – [0.55 – (0.0055 x RH)] x [T(°C) – 14.5].
The time period-THI pairs served as input to our model.

Neural network model

A feed-forward neural network (FFNN) was developed to predict the total number of
RFID pings based on THI and time of day. Figure 1 shows the architecture of a typical
FFNN. There are three important parameters in a FFNN, the number of hidden layers, the
transfer function used in the hidden layers, and the number of neurons in the hidden layers.
The number of hidden layers in a FFNN is dependent on the complexity of relationships
between inputs and outputs. It has been proven that a FFNN with one hidden layer and non-
polynomial transfer function is sufficient to approximate any continuous function to any
degree of accuracy (Leshno et al., 1993). Therefore, we chose to use one hidden layer with a
sigmoid transfer function in our FFNN. One hundred iterations of the fruit fly optimization
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algorithm (FOA; Pan, 2012) were applied to determine the optimal number of neurons in the
hidden layer.

Training a neural network refers to the process of finding a set of weighted
connections between neurons so that predicted outputs closely match known outputs for a
collection of training data. Training of FFNN was performed using the Levenberg-Marquardt
algorithm (Hagan & Menhaj, 1994).

Data collected from September 2008 to March 2014 was used to build and train the
model. The training data set consisted of 22,582 time period-THI observations, which was
partitioned randomly so that 80% of the data were used for training and 20% used for testing.
Testing data points were used in the FOA procedure to determine optimal parameters for the
FFNN. Four additional grow-finish groups (data collected from May 2014 to May 2016) were
used to validate the model.

Results and Discussion

Network training and parameter optimization

Temperature humidity index and time of day (time period) were used as inputs in
development of a FFNN model to predict feeding behavior of grow-finish pigs.
Environmental temperatures are known to affect swine feeding behavior. Ideally, barn
temperatures would have been used in the development of our model. However, barn
temperature data were only available for part of this study. Thermal conditions inside the barn
were approximated by THI due to its strong correlation with barn temperature (R2 = 0.848;
Figure 2).

The optimal number of hidden neurons was dynamically determined using FOA.
Figure 3 shows the iterative correlation coefficient trend of the FOA search. Convergence of
FOA occurred at iteration 29 with a Pearson correlation coefficient (r) of 0.6641, and the
optimal number of hidden neurons was 11.

Model performance

Once the FFNN model had been trained using its optimal parameters, performance of
the model was assessed using data from four additional grow-finish groups, Group A, Group
B, Group C, and Group D (Table 1). The , , and root mean square error () statistics for each
validation group are presented in Table 2. In general, the FFNN model was robust for
predicting feeding behavior across breeds. Training data was comprised of 62.5% composite
animals, 12.5% Yorkshire sired animals, and 25% Landrace sired animals. Duroc sired
animals were only present in the four validation groups. Even with these breed differences,
the ANN model was able to generate acceptable predictions. As the similarity of training and
validation germplasm increases, our model should generate even better predictions.

Large deviations between predicted and observed feeding behaviors in Group A may
be due to an outbreak of pneumonia. While Group A was in the grow-finish barn, 22% of the
animals were treated at least once for pneumonia. Although a large portion of animals
received treatment for pneumonia, it is likely that there were additional pigs in the barn that
experienced mild pneumonia symptoms that were not treated. In the other three groups, the
percentage of animals treated for pneumonia was much lower; 7% in Group B, 2% in Group
C, and 5% in Group D. This example highlights the potential for ANN models to be used in
the automated detection of disease outbreak and other stress events.
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Conclusion

Heat stress is a major factor affecting pork production. Economic losses due to heat stress are
substantial for producers. Utilizing electronic feed monitoring systems will lead to a greater
understanding of feeding behavior among animals during normal and stress events. This will
allow producers to enhance their ability to properly care for their pigs. Future work will focus
on the development of ANN model systems, incorporating additional genetic and
environmental parameters that can be used as early predictors of illness and stress events at
the individual animal level.
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Table 1. Grow-finish groups used for model development and validation.
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Study Start
Date

Study End
Date

Number of
Animals

Breed1 Validation or
Training

Group 1 9/27/08 1/25/09 252 C Training

Group 2 3/19/09 7/19/09 252 C Training

Group 3 1/20/10 6/1/10 237 C Training

Group 4 7/8/10 10/14/10 237 C Training

Group 5 1/6/11 5/10/11 223 C Training

Group 6 7/14/11 12/21/11 240 L Training

Group 7 3/12/12 7/8/12 242 Y Training

Group 8 10/24/13 3/11/14 240 L Training

Group A 5/23/14 10/22/14 237 D, Y, L Validation

Group B 12/18/14 4/30/15 232 D, Y, L Validation

Group C 6/11/15 10/7/15 232 D, Y, L Validation

Group D 12/23/15 5/11/16 232 D, Y, L Validation

1 D = Duroc, Y = Yorkshire, and L = Landrace, C = Composite (1/2 Landrace, ¼, Duroc, ¼ Yorkshire)

Table 2. Statistical performance of feed forward neural network model for validation groups.
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Group

A 0.487 0.237 651

B 0.738 0.544 511

C 0.626 0.392 691

D 0.742 0.550 504
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Figure 1. Typical feed-forward neural network (FFNN) architecture. The FFNN is comprised
of a set of processing units called neurons (represented by circles) linked by weighted
connections (represented by lines). Neurons are organized in three layers, an input layer, a
hidden layer, and the output layer, each of which performs different kinds of transformations
on their inputs. Signals travel from the input layer to the output layer in a feed-forward
fashion.
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Figure 2. Results for temperature humidity index (THI) versus barn temperature 3rd degree
polynomial regression. Here,
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Figure 3. Correlation coefficients obtained during the FOA process.


