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Industry Summary 
This project focused on measuring and modeling behavior to enable selection 
for decreased aggression in group housed pigs. In order to select and breed less 
aggressive pigs, it is necessary to: 1) measure aggression in thousands of pigs, 
2) incorporate those measurements into models for estimation of breeding 
values. For the automatic detection of aggression (objective 2) we first 
compared several programs to track animals, using existing video recordings of 
group housed pigs, to assess if the track of an individual animal was 
informative of its behavior. All tested programs failed to track animals for more 
than a few seconds or minutes. Thus, we moved to develop programs to directly 
detect aggression. In collaboration with the Catholic University of Leuven 
(Belgium) we develop an algorithm that can detect fights in group-housed pigs. 
The algorithm was applied to over 1600 3-second long video segments of group 
housed pigs, manually labeled as “aggressive interaction” (when pigs were 
fighting in the segment) or “non-aggressive interaction” (when pigs were not 
fighting, and the algorithm correctly classified 97.5% of the video segments.  
But measuring a trait (in this case detecting and quantifying aggression) is only 
the first step in implementing selection for such trait. Moreover, it is necessary 
to incorporate the recorded data into a genetic evaluation model. In Objective 1 
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of this project we improved existing models for selecting animals that are better 
suited for production systems that use group-housing of animals. We used a 
model that estimates the effect that each animal has on the phenotypes of 
other animals and we expanded it to incorporate behavioral measures. Our 
proposed model has several appealing features: 1) It allows modeling other 
traits including performance (e.g: growth rate, feed efficiency, etc) and welfare 
(e.g: skin lesions) as a function of the aggression between pairs of animals. 2) It 
can be used to select animals that perform well in groups (called direct genetic 
effect) and that do not affect the performance of the rest of the group members 
(called social genetic effect). In this way, we can, for instance, select an animal 
that not only fights less with its pen mates, but that also, when it fights, 
creates less skin lesions and that does not affects negatively the growth of 
other pigs in the group. We showed that by incorporating the behavioral 
measures in our model we could recover up to 50% more genetic variance, 
which in practice will result in more effectively selecting for pigs better adapted 
to group-house production systems.  
 
Keywords: Precision Management, Phenomics, Genomics, Behavior 
 
Scientific Abstract 
The overall goal of this project was to improve the profitability of pork 
production through improved pig well-being, by using phenomics to model 
direct and social genetic effects for performance, behavioral and welfare traits 
in group-housed pigs. Specifically, we proposed: 1) Incorporate behavioral data 
in genomic evaluation models to estimate direct and social genetic effects of 
lesion score traits in pigs. 2) Examine automated methods for behavioral 
phenomic profiling of group-housed pigs to identify the potential for high 
throughput automated capture of behavior data on farm.  To data on 
aggressive interactions between pairs of animals in the modeling of Social 
genetic effects for skin lesions in growing pigs we analyzed data from 792 pigs 
housed in 59 pens. Skin lesions in the anterior, central and caudal regions of 
the body were counted 24 h after pig mixing. Animals were video-recorded for 9 
h post mixing and trained observers recorded the type and duration of 
aggressive interactions between pairs of animals. The number of seconds that 
pairs of pigs spent engaged in reciprocal fights were used to parametrize the 
intensity of social interactions (ISI). Three types of models were fitted: direct 
genetic additive model (DGE), traditional social genetic effect model (TSGE) 
assuming uniform interactions between dyads, and an intensity-based social 
genetic effect model (ISGE) that used ISI to parameterize SGE. All models 
included fixed effects of sex, replicate, lesion scorer, weight at mixing, pre-
mixing lesion count and the total time that the animal spent engaged in 
reciprocal fights as a covariate; a random effect of pen; and a random direct 
genetic effect. The ISGE models recovered more direct genetic variance than 
DGE and TSGE, and the estimated heritabilities were highest for all traits (P < 
0.01) for the ISGE with ISI parametrized with unilateral attack behavior. The 
TSGE produced estimates that did not differ significantly from DGE (P > 0.5). 
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For the automatic detection of aggression, we performed a literature review of 
existing tracking and behavior detection programs and selected four programs 
for on-farm testing. For the test we used three one-minute long video segments 
of a grow finishing pen at MSU’s Swine Teaching and Research Center. None of 
the tested programs was able to maintain the identity of the tracked pigs for 
the length of the video segments. Thus, we proceeded to train our own 
algorithm for detection of aggression in pigs. We recorded 24 hours of video in 
a pen housing eight crossbred pigs and collected at random1666 3-second long 
video segments that had been manually labeled by trained experts as 
aggressive (N=833) or non-aggressive (N=833). Frame-to-frame distance was set 
and then a frame difference method was used to obtain moving pixels. Moving 
pixels caused by non-aggressive behaviors were removed by setting threshold of 
connected areas. Number of filtered moving pixels were summed and defined as 
motion shape index (MSI) in each frame and the maximum, mean, variance 
and standard deviation of MSI in each 3-secong unit were extracted as 
features. Finally, support vector machine (SVM) was used to classify these 
features in order to detect aggression. Using the proposed algorithm, aggressive 
behaviors could be detected with an accuracy of 97.5%, a sensitivity of 98.2%, 
specificity of 96.7% and precision of 96.8%. The results indicate that this 
algorithm can be used to detect aggressive behaviors of pigs. 
 
Introduction 
Aggression in group-housed pigs represents a serious problem to the pork 
industry on two accounts: 1) aggression causes significant losses in 
production, and 2) aggression results in decreased welfare of pigs due to 
fighting and injury, which negatively affects consumer acceptance of pork 
production. The issue is aggravated by, but not limited to, an ongoing push to 
transition from individual housing of pregnant sows to group housing systems 
(Jensen, Bonde, Kongsted, Toft, & Sørensen, 2010). Thus, management and 
selection to limit the negative impact of aggressive behavior in group-housed 
pigs remains a priority in the pork industry. Genetic selection against 
aggression shows great promise (Turner, D’Eath, Roehe, & Lawrence, 2010), 
however, to be able to implement it, it is necessary to 1) define meaningful 
phenotypic traits that can be readily measured on individual pigs in nucleus 
and commercial farms, and 2) model genetic and environmental effects related 
to these traits to obtain breeding values. 
Currently, the behavioral data necessary to describe social phenotypes can 
only be collected by human observers decoding video or conducting direct 
observations. Both activities are time consuming, require extensive training of 
personnel, and are not practically feasible on breeding or commercial farms 
(Oczak et al., 2014). Furthermore, statistical modeling of phenotypes is key for 
the implementation of genetic selection. Classic genetic effects model the direct 
effects of an animal’s genotype on its own phenotype. But, in group-housed 
animals, it is more appropriate to model the direct genetic effect of an animal’s 
genotype on its own performance as well as the indirect effect of the animal’s 
genotype on its groupmates’ performance (Bijma, 2014). Fitting models with 



 4 

direct and social genetic effects currently requires assuming that all animals in 
a group interact with each other with the same intensity and to the same 
degree, which are not reasonable assumptions. To avoid making such 
assumptions, it is necessary to estimate the intensity of competition or 
interaction between each pair of animals in a group (Cantet & Cappa, 2008). 
However, estimating intensity of competition for use in breeding programs by 
the industry is only possible if automatic behavior recording can be 
implemented for each individual pig.  
 
Implementing high-throughput phenomics of behavior (i.e., collecting many 
behavioral data points from an animal) in group-housed pigs will result in a 
double benefit: on one side, it will allow us to better parameterize competition 
effects to select for animals with increased individual and group (total) 
performance. And on the other side, it will allow implementing direct selection 
and management for less aggression and for increased welfare. Thus, 
automating detection of behavior serves two ends of the industry: the 
producers (who seek to maximize income through increased productivity while 
ensuring reasonable animal welfare) and the consumers (who require socially 
responsible production practices in terms of animal welfare). 
At present, there are two bottlenecks to implementing improved management 
and selection for decreased aggression and increased group productivity and 
welfare: a) the behavioral phenotyping and b) the adaptation of indirect genetic 
effects modeling to exploit estimation of intensity of competition. This project 
will use a combination of existing data analyses and novel data collection and 
analyses to overcome these barriers by developing methods to automatically 
record behavior that can then be used to parameterize indirect genetic effects 
models and test the merit of those models. 
 
Stated objectives: 
Objective 1: Estimate intensity of competition from existing decoded video 
recordings of pig behavior and parameterize genomic evaluation models to 
estimate direct and indirect (social) genetic effects of growth and lesion score 
traits in pigs. 
 
Objective 2: Test selected video-based technologies for automated tracking of 
group-housed pigs and detection of key behaviors under both common 
commercial and optimized conditions. This includes two subobjectives: 
 
2a. use previously decoded video of pigs in common production settings to 
determine how well automatic detection programs currently work and what 
causes them to fail. 
 
2b. test detection programs under optimal conditions to determine if this 
enables fuller automation while still being possible on farm. 
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Proposed modification to objective 2b: In 2019, we proposed (and got approval 
from NPB) to utilize depth sensors in conjunction with RGB (digital) cameras 
and to use the resulting footage to test programs to track animals and to 
develop programs to detect aggression.  
 
Material and Methods 
 
Objective 1. 
 
A total of 796 records from as many group-housed purebred Yorkshire barrows 
(N=386) and gilts (N=406) were analyzed. Animals were approximately 67 days 
of age (± 3.07) and they were held at the growth-finishing facility of the 
Michigan State University Swine Research and Teaching Center. Animals were 
housed in 59 pens in groups of 10 to 15 pigs. Each group was composed of 
pigs mixed from 4 to 7 nursery pens, such that an animal had at least one, and 
sometimes two nursery pen mates in the newly mixed pen.  
 
 The analyzed response traits were the counts of lesion 24 hrs post-mixing in 
three sections of the body and the intensity social (aggressive) interactions 
between each pairs of pigs post-mixing were obtained from decoding video for 9 
non-consecutive hours post-mixing. Such period was determined as optimal to 
estimate the amount of interactions between animals, while minimizing video 
decoding, given that for each hour of video, about 6 to 8 hours of decoding was 
needed. The aggressive interactions used for this analysis were: Reciprocal 
fights, single sided attacks and single bites. 
 
The following model was fit to log-transformed lesion count methods 

𝒚𝒚 = 𝑿𝑿𝑿𝑿+ 𝒁𝒁𝒅𝒅𝒂𝒂𝒅𝒅 + 𝒁𝒁𝒄𝒄𝒂𝒂𝒄𝒄 + 𝒁𝒁𝒑𝒑𝒑𝒑𝒑𝒑 + 𝒆𝒆, 
Were: 
𝒚𝒚 : vector of log-transformed lesion scores (Anterior, Central, Caudal). 
𝑿𝑿 : incidence matrix fixed effects. 
𝑿𝑿: vector of fixed effects: Sex, Replicate, Pre-LS measure, Observer, and 
covariates for: Weight and total time fighting. 
𝒁𝒁𝒅𝒅:  incidence matrix relating to 𝒚𝒚  vector with genetic additive effects. 
𝒂𝒂𝒅𝒅: vector of genetic additive effects, 𝒂𝒂𝒅𝒅~𝑵𝑵(𝟎𝟎,𝑮𝑮𝝈𝝈𝒅𝒅𝟐𝟐)  
𝒁𝒁𝒑𝒑: incidence matrix relating to 𝒑𝒑 with 𝒚𝒚 
𝒑𝒑𝒑𝒑: vector of pen effects, 𝒑𝒑𝒑𝒑~𝑵𝑵(𝟎𝟎, 𝑰𝑰𝝈𝝈𝒑𝒑𝟐𝟐) 
𝒆𝒆: random vector of errors, 𝒆𝒆~𝑵𝑵 (𝟎𝟎, 𝑰𝑰𝝈𝝈𝒆𝒆𝟐𝟐) 
𝒁𝒁𝒄𝒄: incidence matrix relating to 𝒚𝒚 vector with social interaction effects. 
𝒂𝒂𝒄𝒄: vector of social interaction effects, 𝒂𝒂𝒄𝒄~𝑵𝑵(𝟎𝟎,𝑮𝑮𝝈𝝈𝒄𝒄𝟐𝟐) 

𝑽𝑽𝒂𝒂𝑽𝑽 �𝒂𝒂𝒅𝒅 
𝒂𝒂𝒄𝒄
� = � 𝝈𝝈𝒅𝒅

𝟐𝟐 𝝈𝝈𝒅𝒅𝒄𝒄
𝝈𝝈𝒅𝒅𝒄𝒄 𝝈𝝈𝒄𝒄𝟐𝟐

� ⊗ 𝑮𝑮 =  𝑮𝑮𝟎𝟎 ⊗ 𝑮𝑮 

𝑮𝑮: Genomic Relationship Matrix 
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The novel part of the model, developed under this grant, is the 
parameterization of 𝒁𝒁𝒄𝒄 as a function of observed aggressive interactions, as 
opposed to the classical literature, where all animals in a pen are assumed to 
interact with similar intensity with all other pen mates.  
 
We used two types of interactions to model 𝒁𝒁𝒄𝒄: time spent in reciprocal fights 
and time spent in single sided attacks. In addition, we also fit the traditional 
models assuming uniform social interactions and a model ignoring all social 
interactions (direct genetic effect only).  
 
Objective 2. 
 
We first performed a systematic literature review of software available for 
automatic phenotyping of swine behavior using image analysis. For this we 
followed the PRISMA standards for meta-analyses and systematic reviews 
(Moher, Liberati, Tetzlaff, & Altman, 2009). 
 
The following databases were searched for relevant peer-reviewed and English 
written publications: Google Scholar, Web of Science, PubMed, ARICOLA, and 
ACM Digital Library. An additional search for ‘grey literature’ was performed 
using Google. Our full study encompasses automated visual recording of 
behaviour of all livestock species, thus our initial search used the following 
search terms: autom* + behavio* + livestock; autom* + behavio* + pig; autom* + 
behavio* + video + livestock; autom* + behavio* + video + pig; behavio* + 
detection + pig; autom* + behavio* + video detection + pig. This initial search 
returned 350 potentially relevant papers, with an additional 98 articles added 
after snowballing. Removal of duplicate articles left 340 articles for abstract 
screening, which then resulted in 153 articles for full-text assessment. An 
additional 45 papers were excluded due to not meeting selection criteria. From 
these 108 articles, 63 were focused on swine and thus were included in the 
qualitative synthesis. 
 
Second, we proceeded to compare the performance of several open-source pig 
tracking programs. 
 
We followed simple criteria to select four tracking programs: 1) to be open 
source and freely available, 2) claim to have the ability to track multiple 
preferably unmarked individuals and 3) be able to preserve identification 
throughout the tracking process. The four selected programs were: idTracker 
(Pérez-Escudero, Vicente-Page, Hinz, Arganda, & De Polavieja, 2014) ToxTrac 
(Rodriguez et al., 2018), BioTracker (Mönck et al., 2018), and Ctrax (Branson, 
Robie, Bender, Perona, & Dickinson, 2009).  
 
All four programs were tested using three one-minute long video clips of 
increasing complexity. The first two video clips were specifically collected at the 
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MSU swine teaching for this study and research farm and the third video clip 
was from existing footage of previous studies. 
 

1) Top-down footage of a single Yorkshire pig in a 3.88m by 2.44m pen with 
an electronic feeder (1.78m by 0.74m) placed a corner of the pen. 
Fluorescent lighting was provided above the pen. The pig displayed calm, 
exploratory behavior (periods of walking and standing) throughout the 
recorded period and never entered the feeding station. 

2) Top down footage of the same pen as in 1), but with an additional pig 
added. Like the first video segment, the two pigs engaged in calm bouts 
of walking and standing behavior while they explored their new pen. 
Some brief periods of bodily contact were observed. 

3) The third video segment had a slightly angled camera view of two 
crossbred pigs (one was mostly grey and speckled, the other was a black 
and white belted pig). The pen was 2.9m by 3.8m with a light covering of 
wood shavings on a solid floor. Lighting was provided by nine overhead 
fluorescent strips providing 80-110 lx (Boileau et al., 2019). No natural 
light could enter the testing room. The pigs were engaged in a reciprocal 
fight for much of the segment which included rapid, circular movements 
and moments when one pig’s body obscured the other. 

 
Third, given the poor performance of all the software compared (see results) we 
decided not to track pigs in longer video segments using the reviewed software. 
Instead we switched efforts to implementing algorithms that can detect fighting 
in more complex situations.  
 
We recorded videos from two growth-finishing pen at the swine teaching and 
research center of Michigan State University (East Lansing, MI, USA). Each pen 
was 3.88 m × 2.44 m, and it had an automatic single space feeder 
(1.78 m × 0.74 m) and a nipple drinker. Eight pigs from three nursery pens 
(average live weight 38.9 ± 1.6 kg) were mixed into each finishing pen. 
Immediately after mixing an 8 h video (09:00–17:00) was recorded daily for 
three consecutive days (total of 24 hrs of recording per pen) as experimental 
data from each pen. Enough data could be collected to meet the needs of the 
research. 
 
An Intel® RealSense™ Depth Camera D435 was used for video recording. The 
camera was located above the pen at the height of 2.44 m relative to the 
ground. The infrared top-view images were used for labelling data and the 
depth images were used for developing algorithms. The camera was managed 
from a computer with the software Matlab (R2018b, The MathWorks Inc., MA). 
 
Several behaviors (head to head knocking, head to body knocking, parallel 
pressing, inverse parallel pressing, neck biting, body biting and ear biting) were 
labeled by an animal scientist with expertise in ethology and the labelling 
process. The labelling rules were as follows: when at least 2 s of aggression 
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generated in a 3 s-unit, the video segment it was considered as aggression. 
Other 3 s-units were considered as non-aggression.  
 
After video labeling and decoding, 883 3 s-units were labelled as aggression 
and 27,917 3 s-units as non-aggression in the 24 h data of the first experiment, 
and 856 3 s-units were labelled as aggression and 27,944 3 s-units as non-
aggression in the 24 h data of the second experiment. In order to maintain the 
balance between training and testing data and to verify the effectiveness of the 
proposed algorithm in 2 different pig groups, all the 883 aggressive 3 s-units 
and manually selected 883 non-aggressive 3 s-units in the first 24 h video were 
used as training set, and then all the 856 aggressive 3 s-units and manually 
selected 856 non-aggressive 3 s-units in the second 24 h video were used as 
test set. In order to prevent randomly selected non-aggressive 3 s-units being 
captured by the classifier from all episodes with pigs sleeping, non-aggressive 
3 s-units including lying, resting, standing, walking, playing, exploring, 
drinking, running and chasing were manually selected. 
 
The algorithm for detection of aggression consisted of several steps represented 
in Figure 1 (Chen et al., 2019). In brief, the image is background subtracted, 
and an index of motion and shape (MSI) is extracted from each video episode. 
Subsequently, various statistics of the MSI are used as predictors in a support 
vector machine (SVM) to predict if the aggression/non-aggression status of the 
episode. 
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Figure 1. Diagram of the algorithm for automatic detection of aggression in 
group-housed pigs. 
 
To study the properties of the automatic aggression detection algorithm, the 
accuracy, sensitivity, specificity and precision were computed according to the 
following formulas. 
 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =  
𝑛𝑛𝐴𝐴𝑛𝑛𝑛𝑛𝑛𝑛𝐴𝐴 𝑜𝑜𝑜𝑜 𝑡𝑡𝐴𝐴𝐴𝐴𝑛𝑛 𝑝𝑝𝑜𝑜𝑝𝑝𝑝𝑝𝑡𝑡𝑝𝑝𝑝𝑝𝑛𝑛 𝐴𝐴𝑛𝑛𝑎𝑎 𝑡𝑡𝐴𝐴𝐴𝐴𝑛𝑛 𝑛𝑛𝑛𝑛𝑛𝑛𝐴𝐴𝑡𝑡𝑝𝑝𝑝𝑝𝑛𝑛 3 − 𝑝𝑝 𝐴𝐴𝑛𝑛𝑝𝑝𝑡𝑡𝑝𝑝

𝑛𝑛𝐴𝐴𝑛𝑛𝑛𝑛𝑛𝑛𝐴𝐴 𝑜𝑜𝑜𝑜 3 − 𝑝𝑝 𝐴𝐴𝑛𝑛𝑝𝑝𝑡𝑡𝑝𝑝 × 100 

𝑆𝑆𝑛𝑛𝑛𝑛𝑝𝑝𝑝𝑝𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑡𝑡𝐴𝐴 =  
𝑛𝑛𝐴𝐴𝑛𝑛𝑛𝑛𝑛𝑛𝐴𝐴 𝑜𝑜𝑜𝑜 𝑡𝑡𝐴𝐴𝐴𝐴𝑛𝑛 𝑝𝑝𝑜𝑜𝑝𝑝𝑝𝑝𝑡𝑡𝑝𝑝𝑝𝑝𝑛𝑛 3 − 𝑝𝑝 𝐴𝐴𝑛𝑛𝑝𝑝𝑡𝑡𝑝𝑝

𝑛𝑛𝐴𝐴𝑛𝑛𝑛𝑛𝑛𝑛𝐴𝐴 𝑜𝑜𝑜𝑜 𝑡𝑡𝐴𝐴𝐴𝐴𝑛𝑛 𝑝𝑝𝑜𝑜𝑝𝑝𝑝𝑝𝑡𝑡𝑝𝑝𝑝𝑝𝑛𝑛 𝐴𝐴𝑛𝑛𝑎𝑎 𝑜𝑜𝐴𝐴𝑓𝑓𝑝𝑝𝑛𝑛 𝑛𝑛𝑛𝑛𝑛𝑛𝐴𝐴𝑡𝑡𝑝𝑝𝑝𝑝𝑛𝑛 3 − 𝑝𝑝 𝐴𝐴𝑛𝑛𝑝𝑝𝑡𝑡𝑝𝑝 × 100 

𝑆𝑆𝑝𝑝𝑛𝑛𝐴𝐴𝑝𝑝𝑜𝑜𝑝𝑝𝐴𝐴𝑝𝑝𝑡𝑡𝐴𝐴 =  
𝑛𝑛𝐴𝐴𝑛𝑛𝑛𝑛𝑛𝑛𝐴𝐴 𝑜𝑜𝑜𝑜 𝑡𝑡𝐴𝐴𝐴𝐴𝑛𝑛 𝑛𝑛𝑛𝑛𝑛𝑛𝐴𝐴𝑡𝑡𝑝𝑝𝑝𝑝𝑛𝑛 3 − 𝑝𝑝 𝐴𝐴𝑛𝑛𝑝𝑝𝑡𝑡𝑝𝑝

𝑛𝑛𝐴𝐴𝑛𝑛𝑛𝑛𝑛𝑛𝐴𝐴 𝑜𝑜𝑜𝑜 𝑡𝑡𝐴𝐴𝐴𝐴𝑛𝑛 𝑛𝑛𝑛𝑛𝑛𝑛𝐴𝐴𝑡𝑡𝑝𝑝𝑝𝑝𝑛𝑛 𝐴𝐴𝑛𝑛𝑎𝑎 𝑜𝑜𝐴𝐴𝑓𝑓𝑝𝑝𝑛𝑛 𝑝𝑝𝑜𝑜𝑝𝑝𝑝𝑝𝑡𝑡𝑝𝑝𝑝𝑝𝑛𝑛 3 − 𝑝𝑝 𝐴𝐴𝑛𝑛𝑝𝑝𝑡𝑡𝑝𝑝 × 100 

𝑃𝑃𝐴𝐴𝑛𝑛𝐴𝐴𝑝𝑝𝑝𝑝𝑝𝑝𝑜𝑜𝑛𝑛 =  
𝑛𝑛𝐴𝐴𝑛𝑛𝑛𝑛𝑛𝑛𝐴𝐴 𝑜𝑜𝑜𝑜 𝑡𝑡𝐴𝐴𝐴𝐴𝑛𝑛 𝑝𝑝𝑜𝑜𝑝𝑝𝑝𝑝𝑡𝑡𝑝𝑝𝑝𝑝𝑛𝑛 3 − 𝑝𝑝 𝐴𝐴𝑛𝑛𝑝𝑝𝑡𝑡𝑝𝑝

𝑛𝑛𝐴𝐴𝑛𝑛𝑛𝑛𝑛𝑛𝐴𝐴 𝑜𝑜𝑜𝑜 𝑡𝑡𝐴𝐴𝐴𝐴𝑛𝑛 𝑝𝑝𝑜𝑜𝑝𝑝𝑝𝑝𝑡𝑡𝑝𝑝𝑝𝑝𝑛𝑛 𝐴𝐴𝑛𝑛𝑎𝑎 𝑜𝑜𝐴𝐴𝑓𝑓𝑝𝑝𝑛𝑛 𝑝𝑝𝑜𝑜𝑝𝑝𝑝𝑝𝑡𝑡𝑝𝑝𝑝𝑝𝑛𝑛 3 − 𝑝𝑝 𝐴𝐴𝑛𝑛𝑝𝑝𝑡𝑡𝑝𝑝 × 100 

 
Results 
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Objective 1. 
 
The estimated variance-covariance components under different models  
(Angarita et al., 2019) are presented in Table 1.  
 
The direct genetic effect model (DGE) and the Traditional Social Genetic Effects 
models (TSGE) are commonly used to model performance and welfare records 
in group-housed animals. Our proposed Intensity-based social genetic effects 
model (ISGE) incorporates behavior observations in the modeling of social 
relationships. Our proposed model could estimate the social genetic variance 
and recovered more direct genetic variance for all the analyzed traits. 
 
Table 1. Estimated variance components and heritability of lesions in different 
regions of the body of pigs at the finisher stage 24 h post-mixing as estimated 
by six models (Standard Error in parentheses). 
 

Model Trait 𝝈𝝈�𝒅𝒅𝟐𝟐 𝝈𝝈�𝒔𝒔𝟐𝟐 𝝈𝝈�𝒅𝒅𝒔𝒔 𝝈𝝈�𝒑𝒑𝒆𝒆𝒑𝒑𝟐𝟐  𝝈𝝈�𝒆𝒆𝟐𝟐 𝒉𝒉�𝑫𝑫𝟐𝟐  

DGE 

Anterior 0.059 
(0.017) 

  
0.033 

(0.010) 
0.21 

(0.015) 
0.19 

(0.055) 

Central 0.014 (0.09) 
  

0.051 
(0.013) 

0.20 
(0.009) 

0.05 
(0.035) 

Caudal  0.028 
(0.015) 

  
0.081 

(0.020) 
0.28 

(0.018) 
0.073 
(0.03) 

TSGE 

Anterior 0.057 
(0.010) 

0.025NS 
(0.012) 

-0.0004NS 
(0.015) 

0.001 
(0.011) 

0.21 
(0.014) 

0.20 
(0.036) 

Central 0.015 
(0.0075) 

0.032 NS 
(0.013) 

0.0007 NS 
(0.011) 

0.016 
(0.013) 

0.20 
(0.012) 

0.064 
(0.031) 

Caudal  0.033 
(0.013) 

0.041 NS 
(0.020) 

0.016 NS 
(0.017) 

0.034 
(0.021) 

0.27 
(0.017) 

0.096 
(0.038) 

ISGE-
Reciprocal 
Fights 

Anterior 0.084 
(0.008) 

0.040* 
(0.013) 

0.051* 
(0.010) 

0.026 
(0.013) 

0.18 
(0.013) 

0.29 
(0.031) 

Central 0.019 
(0.007) 

0.023* 
(0.011) 

0.015* 
(0.007) 

0.044 
(0.014) 

0.19 
(0.012) 

0.075 
(0.027) 

Caudal  0.037 
(0.011) 

0.064* 
(0.019) 

0.040* 
(0.011) 

0.047 
(0.019) 

0.24 
(0.016) 

0.11 
(0.035) 

*P < 0.01, NSP>0.5 

 
Moreover, we could estimate the correlation between direct and social genetic 
effects. As presented in Table 2.  The estimated correlations with the ISGE were 
all positive, indicating that the animals that caused mode lesions (larger social 
breeding value) also received more lesions (larger direct breeding value).  
 
Table 2. Estimated correlation between Direct and Social genetic effects and 
standard error in the models with social effects. 
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Model Covariate Trait 𝑽𝑽�𝒅𝒅𝒔𝒔 SE 

TSGE 𝒕𝒕𝑹𝑹𝑹𝑹 

Anterior -0.010NS 0.40 

Central 0.30NS 0.50 

Caudal  0.42NS 0.44 

TSGE 𝒕𝒕𝑨𝑨𝑨𝑨 

Anterior -0.45NS 0.41 

Central -0.30NS 0.59 

Caudal  0.051NS 0.54 

ISGE 𝒕𝒕𝑹𝑹𝑹𝑹 

Anterior 0.877* 0.12 

Central 0.70* 0.29 

Caudal  0.82* 0.18 

*P < 0.01, NSP > 0.5 

This is not surprising because the behavior used to parameterize the ISGE was 
the time engaged in reciprocal fights. And the estimated genetic correlation 
between lesion counts and reciprocal fights was positive for all lesion traits 
(Table 3). 
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Table 3. Heritability (on diagonal) and genetic (above diagonal) and phenotypic 
(below diagonal) correlations between lesion count traits recorded 24 h post-
mixing and Reciprocal fights (Standard errors in parentheses). 

 
Trait 

Lesion Count Reciprocal 

Anterior Central Caudal Fights 

 
Lesion  
Count 

Anterior 0.27(0.06)   0.89 (0.07) 

Central  0.12 (0.04)  0.77 (0.14) 
Caudal    0.11(0.04) 0.72 (0.16) 

Reciprocal Fight 0.63 (0.02) 0.47(0.03) 0.39 (0.03) 0.16 (0.05) 

 
Specific results for Objective 2. 
The total duration in minutes for each program to complete tracking of each 
single-minute video is reported in Table 4 (rounded to the nearest minute). 
BioTracker completed tracking in the shortest duration of time (1 minute for 
each video). ToxTrac followed closely behind with tracking taking place in 2 
minutes for the Yorkshire videos and 1 minute for the pair of crossbreds. 
idTracker took from 4 to 10 minutes to complete tracking, with the more 
complex videos taking increased amounts of time. Ctrax took the longest time 
to complete tracking, with the tracking of the crossbred pair taking over an 
hour.  
 
Table 4: Duration in minutes to complete tracking of each single-minute video 
clip. 
Program Single York York Pair Crossbred 

Pair 

idTracker 4 7 10 

ToxTrac 2 2 1 

BioTracker 1 1 1 

Ctrax 24 11 74 

 
In general, as the video complexity increased, the ability to track individuals 
decreased. All programs struggled to track the grey pig from the crossbred pair, 
and we hypothesize that this is due to the poor contrast between the pig’s body 
color and the color of the flooring. 
 
Since preservation of identities is critical for many applications of these 
tracking programs, we also counted the total number of times that each 
program swapped identities of the pigs (when the track jumped from one 
individual to another). idTracker and Ctrax were able to preserve the identity of 
the Yorkshire pigs, but no the crossbred pigs. ToxTrac and BioTracker were not 
able to preserve the identities of either pair of pigs. BioTracker struggled with 
maintaining a single track on a single individual and was found to swap tracks 
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between the crossbred pair 103 times over the course of the single-minute 
video clip, equating to more than a swap a second.   
 
The properties for the detection automatic of aggression algorithms (Chen et 
al., 2019) are presented in Table 5. 
 
Table 5. Classification results of SVM on test set and evaluation parameters of 
the proposed algorithm. 
TP 
3 s-units 

FN 
3 s-units 

FP 
3 s-units 

TN 
3 s-units 

Accuracy 
[%] 

Sensitivity 
[%] 

Specification 
[%] 

Precision 
[%] 

841 15 28 828 97.5 98.2 96.7 96.8 
TP: True positives, FN: False Negatives, FP: False positives, TN: True Negatives. 
 
The reasons for false detection are mainly divided into two types: 1) aggressive 
behaviors were falsely recognized as non-aggression (Figure 2) and 2) non-
aggressive behaviors were falsely recognized as aggression (Figure 3).  

 
 
Fig. 2. Examples of falsely recognizing aggressive behaviors as non-aggression: 
(a–d) aggressive pigs with low velocity, and (e–h) aggressive pigs with limited 
activities. 
 
The algorithm failed to detect aggression when the velocity of aggressive pigs 
became lower, as pigs felt tired after fighting for extended periods of times and 
thus, they reduced counterattacking. This type of false detection accounted for 
1.1% of the cases. Another situation that lead to missing the detection of 
aggression was when aggressive pigs were crowded into the corner of the pen 
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and their movements were limited. This type of false detection accounted for 
0.7%.  However, the situation leading to this type of detection error will not last 
long because under those circumstance the fight usually stops or the attacked 
animal gets out of the corner. 

Moreover, the algorithm falsely detected aggression when an external stimulus 
prompted several pigs to run together in the same direction without fighting. 
This type of errors, accounting for 1.9% of false fighting labels, happened when 
a manager entered the room or when lights were switched. This resulted in 
more than one animal swiftly moving together, originating a blob of pixels or 
large area that accelerates towards the aisle, triggering the detection of 
aggression by the algorithm. Another source of false detection of aggression 
was when pigs mounted each other (1.4% of errors corresponded to this case). 
However, in this last case, the mounting behavior usually was a precursor to a 
fight, consequently, the false detection cases resulted only on “early detection 
of the fight” in the analyzed video recordings. 

 
Fig. 3. Examples of falsely recognizing non-aggressive behaviors as aggression. 
(a–d) non-aggressive pigs frightened, and (e–h) non-aggressive pigs with 
mounting. 
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Discussion 
Objective 1. 
The results obtained under activities related to Objective 1 are important to the 
pig breeding industry on several accounts.  
 
First, we demonstrated a way in which behavioral observations regarding 
pairwise interactions social groups can be used to better model social genetic 
effects. This is very important because traditional social effects models 
sometimes have the limitation imposed by the confounding of social genetic 
effects with pen or group effects (Cantet & Cappa, 2008).  
 
We also demonstrated that for the case of a relevant welfare trait (number of 
skin lesions post-mixing) (Turner et al., 2010), the correlation of social and 
direct genetic effects is positive, which means that selecting animals that 
exhibit less skin lesions post-mixing (victim effect) will also result in animals 
that cause less skin lesions to their group mates. And we confirmed that this is 
due to a decrease in the number of reciprocal fights post mixing. 
 
Finally, we demonstrated the added value in recording behavior at the dyadic 
level. Admittedly, this is the main limitation of the proposed approach: the 
need of having detailed behavioral interaction data that is not often easy to 
collect. And that was precisely the reason for the development of objective 2. 
 
Objective 2. 
 
Under objective 2 we made several important contributions to the knowledge 
on pig behavioral phenotypic.  
 
An exhaustive literature review indicated that a very limited number of publicly 
available programs (we only focus on those) shows promise for implementing 
behavioral phenotyping and tracking in pigs.  
 
A further testing of the most promising programs indicated the presence of too 
many tracking errors for the output to be useful, for instance, in models such 
as those presented under Objective 1. 
 
Thus, we concentrated on the detection of aggression at the group level (Chen 
et al., 2019) and we demonstrated that it is possible to develop algorithms that 
detect aggression with high accuracy, specificity and sensitivity. But the main 
limitation remains in the animal identification.  
  
Finally, the area of swine behavioral phenotyping remains as an area of active 
research for our group. And we are currently investigating the use of deep 
learning for animal identification and aggression detection, which is possible 
thanks to the results obtained under this proposal. 
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