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Industry Summary:
Technology has been progressing at a rapid pace throughout the world in a multitude of industries.
While technologies in agriculture are advancing, many of those advancements are more targeted to
the crop sector than livestock as evidenced by the rapid adoption of GPS, the use of drones, and the
targeted application of fertilizer within a field. However, the use of technologies for animals has been
significantly lagging behind our counterparts in crops. Computer vision and machine learning have
been the advancements in other industries that offer pork producers with the most promise to be
adapted for precision management of pigs. To that end, we aimed to further the advancement in
accuracy, precision, and speed of the NUtrack System used to monitor pigs in group housing for
individual pig activity. Our objectives were 1) Determine correlation and repeatability of pig
activities, behavior, and locomotion of pigs from weaning to harvest on production efficiencies and
well-being, 2) Enhance algorithm and computational efficiency of the current system in efforts to
reach near real-time data analysis vs retrospective analysis, and 3) Utilize visual cues and
computational deep learning of activity, behavior and locomotion output to determine management
deficiencies and strategies to optimize swine well-being and efficiency. To this end, 192 pigs were
placed on trial at weaning and continuously videoed utilizing Lorex Security Cameras that were
centered over pig pens in the nursery and finisher to capture wean to finish video for the compete
132 days post weaning to harvest. Pigs were weighted at weaning, nursery exit, mid finisher, and
final finisher weight. Ultrasound was also performed on pigs at final finisher weights for back fat
and loineye area.
Video captured on farm was exported via FTP back to the computer farm on campus for further
processing using MATLAB. Briefly, a single fully-convolutional neural network was utilized to detect
the location and orientation of each animal in the pen. The proposed method achieves over 99%
precision and over 96% recall when detecting pigs in environments previously seen by the network
during training. To evaluate the robustness of the trained network, it is also tested on environments
and lighting conditions unseen in the training set, where it achieves 91% precision and 67% recall.
To ensure the highest accuracy, it is suggested to train the NUtrack System on the needed
environment prior to data analysis. A probabilistic tracking-by-detection method was employed to
maintain tracking of individual pigs for long term identification and tracking. The long-term
tracking method uses, as input, visible key points (left ear, right ear, point of shoulder and tailhead)
of individual animals provided by the detector. Individual animals are also equipped with ear tags
that are used by a classification network to assign unique identification to instances. The fixed
points of the pigs are leveraged to create a continuous set of tracks and a forward-backward

algorithm is used to assign ear-tag identification probabilities to each detected instance. Tracking

achieves real-time performance on consumer-grade hardware. Results demonstrate that the
proposed method achieves an average precision and recall greater than 95% across the entire
dataset. Small newly weaned pigs are more challenging to track than larger finisher pigs due to a
combination of size, increased activity level, and huddling tendencies of weaned pigs. Datasets for
detection and tracking were made publicly available for download at
http://psrg.unl.edu/Projects/Details/12-Animal-Tracking for use by the scientific community for
the advancement in swine tracking programs.
Data on individual pig activities were generated using the NUtrack System for traits such as time
spent laying (sternal and lateral), standing, eating, rotations, distance traveled, and velocity when in
motion. Data were analyzed for associations with production traits such as average daily gain, final
weight, back fat and loineye area. Correlation across time was also analyzed. For brevity, distance
traveled was the main trait examined. Distance traveled was significantly associated with average
daily gain, final weight, and back fat and trended towards significant for loineye area. The greater
the distance traveled by a pig reduced averaged daily gain, final weight, and backfat. Once the pigs
fully transitioned to the nursery (approximately the third week in the nursery) the weekly distance
traveled by a pig was correlated with the following week’s distance with correlations ranging from
0.75 to 0.92 with the exception of week 6 to week 7 when the pigs were moved and mixed in finisher
pens. This indicates that activity from pigs from one week can be used as a baseline indicator for
monitoring “normal” activitiy for each pig. Individual pig data were analyzed on pigs removed prior
to the scheduled end of the trial. For pigs that were removed for lameness, removed pigs tended to
show clear patterns, such as a notable reduction in distance traveled several days prior to
treatment or removal by farm staff. A single pig that was otherwise noted as sound, healthly, and
fast growing exibitied sudden death. All activity traits of this pig showed no discernable deviation
from normal except that it spent considerable more time sitting than any other pig in the trial.
Future data similar to this should be examined as a possible indicator of twisted gut.
The NUtrack System significantly advanced due to this grant funding oppurtunity. NUtrack
advanced from a system needing 7 weeks to process one week of video data on a single computer to
being able to process 6 video feeds simultaneously in near real-time. At the same time, the
accuracy of the system to locate, identify, and maintain identification advanced significantly as well.
Data from the system is also highly meaningful for production analysis with traits identified by the
system showing promise to be used by genetic companies to improve production efficienes.
Furthermore, the advancements in tracking individual pig activities such that it holds enourmous
promise for continued development into systems that can alert farm staff when pigs are
comprimised and would benefit from intervention. Combined the program developed and data
generated offers great promise in the use of computer vision and machine learning to aid farmers in
improving production and well-being of swine.
Contact Benny Mote at 402-472-6033 or benny.mote@unl.edu for questions.
Key Findings:
• NUtrack system accurately identifies individual animals in various environments
• NUtrack system maintains long term tracking of animals
• Distance traveled shows a moderate week to week correlation
• Activity data is significantly associated with production data
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•

Data shows promise to alert farmers to pigs in need of individual care
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Scientific Abstract:
Computer vision systems have the potential to provide automated, non-invasive monitoring of
livestock to aid farmers in the identification of a host of behaviors and activities that could prove
indicative for health and production metrics. However, the lack of public datasets with well-defined
targets and evaluation metrics presents a significant challenge for researchers. Consequently,
existing solutions often focus on achieving task-specific objectives using relatively small, private
datasets. This work introduces a new dataset obtained from tracking n = 192 pigs from weaning to
harvest (132 consecutive days). Video was recorded using Lorex security cameras over each pen with
video captured at 5 frames per second at 2k resolution. Video data was exported via FTP to Intel 8core i9 CPUs with NVIDIA 2080ti GPU 12 TB 7200 rpm Hard Drives. Video was processed utilizing
MATLAB. The method for instance-level detection of multiple pigs in group-housed environments
uses a single fully-convolutional neural network to detect the location and orientation of each
animal, where both body part locations and pairwise associations are represented in the image
space. Accompanying this method is a new dataset containing 2000 annotated images with 24,842
individually annotated pigs from 17 different locations. The proposed method achieves over 99%
precision and over 96% recall when detecting pigs in environments previously seen by the network
during training. To evaluate the robustness of the trained network, it is also tested on environments
and lighting conditions unseen in the training set, where it achieves 91% precision and 67% recall.
Furthermore, maintaining tracking of individual animals in a group setting is a exigent task for
computer vision and animal science researchers. When the objective is months of uninterrupted
tracking and the targeted animals lack discernible differences in their physical characteristics, this
task introduces significant challenges. To address these challenges, a probabilistic tracking-bydetection method was employed. The tracking method uses, as input, visible keypoints of individual
animals provided by a fully-convolutional detector. Individual animals are also equipped with ear
tags that are used by a classification network to assign unique identification to instances. The fixed
cardinality of the targets is leveraged to create a continuous set of tracks and the forward-backward
algorithm is used to assign ear-tag identification probabilities to each detected instance. Tracking
achieves real-time performance on consumer-grade hardware, in part because it does not rely on
complex, costly, graph-based optimizations. A publicly available, human-annotated dataset is
introduced to evaluate tracking performance. This dataset contains 15 half-hour long videos of pigs
with various ages/sizes, facility environments, and activity levels. Results demonstrate that the
proposed method achieves an average precision and recall greater than 95% across the entire
dataset. Analysis of the error events reveals environmental conditions and social interactions that
are most likely to cause errors in real-world deployments. The datasets for detection and tracking
are both publicly available for download at http://psrg.unl.edu/Projects/Details/12-AnimalTracking. Individual pig activities were generated using the aforementioned tracking program for
traits such as time spent laying (sternal and lateral), standing, eating, rotations, distance traveled,
and velocity when in motion. Data were analyzed in SAS for associations with production traits
such as average daily gain, final weight, back fat and loineye area. Correlation across time was also
analyzed. For brevity, distance traveled was the main trait examined. Distance traveled was
significantly associated (p < 0.01) with average daily gain, final weight, and back fat and trended
towards significant for loineye area (p = 0.11). More distance traveled reduced averaged daily gain,
final weight, and backfat. After the third week on test, weekly distance traveled was correlated with
the following week’s distance with correlations ranging from 0.75 to 0.92 with the exception of week
6 to week 7 when the pigs were moved and mixed in finisher pens. Individual pig data were
analyzed on pigs removed prior to the scheduled end of the trial. For pigs that were removed for
lameness, removed pigs tended to show clear patterns several days prior to treatment or removal by

farm staff. Combined the program developed and data generated offers great promise in the use of
computer vision to aid farmers in improving production and well-being of swine.
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Introduction:
It is necessary to observe animals on an individual level in order to assess their health and
wellbeing and ensure efficient production. One of the most significant challenges to industry is its
reliance upon subjective human observation for assessment, which can be as low as only a few
seconds per animal each day. This challenge is enhanced when symptoms are subtle and the mere
presence of humans encourages animals to alter or mask individual symptoms to disguise signs of
illness/injury. Despite the fact that researchers have been able to identify links between health and
behavior, the limitations of human observation make it difficult to achieve a timely diagnosis of
compromised animals and intervene on their behalf.
A technological solution that augments and expands beyond the limitations of human observation
could address many of these challenges. To this end, a goal within the precision livestock farming
movement is to invent new technologies for continuous recording of animal activities and devise
ways of using that data to predict outcomes for individual animals. Early attempts to achieve this
goal often involved attaching electronic devices to individual animals. This includes both active
devices like ultra-wide band (UWB), inertial measurement units, and GPS as well as passive
electronic devices like RFID. Because they must be physically attached to the animals, these are
invasive devices that impact animal welfare. Furthermore, due to financial constraints and concerns
about durability and hardware management, modern approaches to precision livestock farming are
trending toward non-invasive, vision-based solutions.
The shift toward vision-based solutions is largely due to advancements over the past decade in deep
learning. The rediscovery of convolutional neural networks, along with software for efficiently
training the networks, has made it possible to create vision systems that acquire a highly
sophisticated understanding of images and video by simply being trained on large humanannotated datasets. Numerous datasets exist for common tasks like image classification, semantic
segmentation, person pose estimation, and street-scene understanding. However, for less common
applications like livestock tracking, publicly available datasets are scarce and many researchers
resort to demonstrating their methods on small, private datasets. This practice makes it difficult to
evaluate the performance of new methods and chart progress in the field.
Objectives:
1. Determine correlation and repeatability of pig activities, behavior, and locomotion of pigs from
weaning to harvest on production efficiencies and well-being
Research questions:
• Do pigs maintain the same or correlated levels of activity, behavior and locomotion
throughout the wean to harvest growth period?
• Can data required for individual pig activity and behavior analysis be reduced using
subsampling?
2. Enhance algorithm and computational efficiency of the current system in efforts to reach near
real-time data analysis vs retrospective analysis
Research questions:
• Can modern deep learning approaches to human pose tracking be adapted to detect pig
activities and enhance the ability of the current system to maintain target identification
and extract additional parameters meaningful to identifying activity and behavior in pigs?
3. Utilize visual cues and computational deep learning of activity, behavior and locomotion output
to determine management deficiencies and strategies to optimize swine well-being and efficiency
Research question:
• Are there management events that influence pig behavior and well-being (i.e., out of
feed/water events or human/pig interactions during health checks and weighing)?

Materials and Methods:

This work introduces a new dataset obtained from tracking n = 192 pigs (96 barrows and 96 gilts)
from weaning to harvest (132 consecutive days). Pigs were selected from 20 litters and randomaly
assigned to treatment pens. The genetics of the pigs were Duroc sired by York Landrace composite
dams. Video was recorded using Lorex security cameras over each pen with video captured at 5
frames per second at 2k resolution. Video data was exported via FTP to Intel 8-core i9 CPUs with
NVIDIA 2080ti GPU 12 TB 7200 rpm Hard Drives. Video was processed utilizing MATLAB. Pigs were
stocked at 16 pigs/pen in the nursery and 8 pigs per pen in the finisher. Pigs were fed diets that
met or exceeded NRC 2012 requirements.
A method is proposed here for long-term tracking of multiple group-housed livestock using
computer vision. Figure 1 illustrates the processing stages of the method on three consecutive
frames of video. The method begins with a deep, fully-convolutional network that processes every
frame of video to detect individual animals as collection of anatomical features (i.e., keypoints,
shown in stage 2 in Figure 1). Here, shoulder-tail combinations are used to identify the target
locations and orientations in each frame and ears are used to determine the ID of each target. The
last stage of processing that happens on a per-frame basis is ear tag classification (stage 3 in Figure
1), where small image crops around each detected ear location are converted to probability vectors
using a classification network. To handle detections that are missed due to occlusions and/or
challenging presentations, an efficient interpolation method is used that relies on the fact that the
number of targets is fixed and known to the tracking algorithm. Interpolation results are illustrated
by the addition of faded detections in stage 4 of Figure 1, where the position of the faded detections
is inferred from other frames in the sequence. Finally, the ear tag probabilities are used to initialize
the likelihoods at each interpolated location (stage 5 in Figure 1) and MAP estimation is used to
share probabilities between frames (stage 6 in Figure 1).
Essentially, the final stage of processing is used to merge tracking-by-detection results with target
ID classification using the assumption that target locations are consistent between frames. For
example, in Figure 1 the pink O ear tag is only seen in one frame, but its location in that frame is
the nearly identical to its location in all other frames, so the other locations inherit the pink O
classification. The gray T ear tag is never seen or classified, however, through the process of
elimination the pig in the lower right of the frames has the highest probability of belonging to this
class.
The method is evaluated on a new, publicly available, human-annotated dataset that contains
fifteen 30-minute videos. The collection of videos depicts different animal ages/sizes, variations in
housing facilities, basic activity levels, and lighting scenarios. It was designed to challenge tracking
methods in a wide range of situations. This includes situations with challenging visibility conditions
when, for example, young pigs tend to congregate (pile up together) at night as a means to share
body heat. On the opposite side of the spectrum, it includes challenging tracking situations where
older pigs frantically chase each other around the pen. It also includes relatively easy situations
when, for example, large pigs calmly move throughout the pen space during the day. Videos were
captured at five frames per second and a total of 135,000 frames were annotated and used in the
evaluation. Overall, the proposed method achieves tracking precision and recall above 52% in the
most challenging situations and, in more than half of tested cases, exceeds 98% in both precision
and recall. Key contributions of this work include (1) complimentary methods for detection and
classification using convolutional neural networks, (2) a probabilistic framework for merging
classification likelihoods to detections, and (3) a publicly available dataset for training and
evaluating long-term tracking methods under a variety of challenging situations.
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Figure 1: Three consecutive frames illustrating the six stages of processing. The input
image (1) are processed using the detection method to find the locations of pigs, as
defined by their matched shoulder-tail coordinates (2). Detected ear locations (2) are used
to extract small image crops that can be used for ear tag classification (3). Here, there are
seven possible ear tag IDs and each cropped image is mapped to a probability vector (3).
The original detections (2) across all frames are used to interpolate missing detections (4).
The ear tag probability vectors are mapped to all detections to initialize the ID
probabilities prior to inference (5). Finally, ear tag ID probabilities are shared across
frames using forward-backward MAP estimation to derive consistent IDs.

NUtrack data generated from the trial on pigs that survived to finishing were analyzed in SAS using
a mixed model. Litter and sex were utilized as fixed effects and weaning weight was used as a
covariate in the analysis.
Results:
To evaluate the proposed tracking method, a human-annotated dataset was created. The data,
along with cropped ear tag images and their corresponding catagorizations, is available for
download at http://psrg.unl.edu/Projects/Details/12-Animal-Tracking. It contains a total of 15
videos, each of which is 30 minutes in duration. The resolution of the videos is 2688 1520 and
each was captured and annotated at 5 frames per second (fps). This frame rate was chosen
empirically because it was deemed the minimum rate at which a human observer could comfortably
interpret and annotate the video, keeping up with nearly all kinds of movement in the pen
environment. Higher frame rates are nearly always better for tracking, but they come at the expense
of increased processing times and, after a certain point, the improvements to tracking become
negligible.

Figure 2: The first frames of the fifteen videos used to evaluate tracking performance. Annotations
over each pig illustrate the position of the pig’s tail and shoulder along with the tag ID that each pig
8

is equipped with (located between the shoulder and tail locations). The first column represents
videos of the nursery phase (3-10 weeks old), the middle column represents the early finisher phase
(11-18 weeks old), and the last column represents the late finisher phase (19-26 weeks old). The five
rows correspond to high activity during the day, medium activity during the day, low activity during
the day, medium activity during the night, and low activity during the night.
The videos depict different environments, numbers of pigs, ages of pigs, and lighting conditions.
Figure 2 shows the first frame of each video with each pig’s shoulder, tail, and ID illustrated via
annotation. Note that annotations are provided for every frame of the video, but only the first frame
is show here.
The results of the proposed tracking method after being evaluated using the dataset are provided in
Table 1. It is worth noting that, because the number of targets is known to the detector and each
target’s location is approximated in each frame, the number of false positives and false negatives is
equal. Thus, precision and recall are the same.
Table 1: Precision/Recall results for all 15 videos in the human-annotated dataset. The
precision/recall results in “Location” do not require the tracker to provide the correct ID for
animals. Instead, it is only required that each animal’s location is matched with a detection. The
“Location and ID” results require the tracker to correctly identify the location and correct ID of a pig
in order to be counted as a true positive. The “(Uninitialized)” variant does not provide the location
and ID of each pig in the first frame, whereas the “(Initialized)” variant does.
Location
AgeActivity
Nursery
Early
Finisher
Late Finisher
Average

High (Day)
0.9267
0.9961

Medium
(Day)
0.9964
0.9973

0.9907
0.9711

0.9890
0.9943

Location and ID (Initialized)
AgeActivity High (Day)
Medium
(Day)
Nursery
0.8893
0.9941
Early
0.9949
0.9847
Finisher
Late Finisher 0.9836
0.9580
Average
0.9559
0.9789
Location and ID (Uninitialized)
AgeActivity High (Day)
Medium
(Day)
Nursery
0.8893
0.9941
Early
0.9948
0.9718
Finisher
Late Finisher 0.9836
0.8176
Average
0.9559
0.9278

Low (Day)
0.9985
1.0000

Medium
(Night)
0.9548
0.9349

0.9969
0.9984

0.9564
0.9487

Low (Day)

Low (Night)

Average

0.8405
1.0000

0.9434
0.9857

1.0000
0.9468

0.9866
0.9719

Low (Night)

Average

0.9933
1.0000

Medium
(Night)
0.8958
0.8716

0.6256
1.0000

0.8796
0.9702

0.9897
0.9943

0.8569
0.8748

0.8462
0.8239

0.9269
0.9256

Low (Day)
0.6940
1.0000

Medium
(Night)
0.7927
0.8946

0.9897
0.8946

0.6290
0.7721

Low (Night)

Average

0.6108
0.5888

0.7962
0.8900

0.5252
0.5749

0.7890
0.8251

Hardware and Processing Times: The method was implemented in MATLAB using the Deep Learning
Toolbox. The desktop computer used to process the videos has an Intel i9-9900K 8-core CPU, 32
GB of DDR4 RAM, 512 GB of m.2 SSD memory, and an NVIDIA RTX2080ti GPU. Before processing
frames with the fully-convolutional detector, they are downsampled to a resolution of

(rows columns channels), and 24 frames are stacked together before processing on the GPU. It
seconds to process the batch of 24 images. To classify ear tags, all ear tag
takes the computer
images and processed all-at-once by
windows are gathered together into a large batch of
the classification network. Classification takes, on average, 0.2 seconds for 24 images. All other
processes involved in detection, including reading video frames and down-sampling, consume an
additional 0.7 seconds per batch of 24 images. Thus, detection and ear tag classification take
approximately 0.054 seconds per frame (18.5 fps).
The proposed multi-object tracking method using fixed-cardinality interpolation and forwardbackward inference takes 20 seconds to process a 30-minute video with 16 pigs and this time drops
to 6 seconds with 7 pigs. Fixed-cardinality interpolation consumes approximately 75% of that time
and forward-backward inference uses the remaining 25%. The computational complexity of fixed, where is the number of frames and is the number of targets.
cardinality interpolation is
, is uses to associate
This is due to the fact that the Hungarian algorithm, with complexity
every pair of neighboring frames. In practice, with 16 targets, this adds 0.01 seconds per frame and
brings the total to 0.064 seconds per frame (15.6 fps). The videos used to analyze the method were
recorded at 5 fps, so this performance demonstrates that video can comfortably be processed in
real-time.
NUtrack data of distance traveled was analyzed for correlation across time. Data shown in Table 2.
Early weekly data showed poor predictor performance of distance traveled with any week. Modest
correlations from one week to the immediately following week started at week three with week 4.
The exception to correlations from week to the next week being above 0.75 was from week 6 to week
7 when the pigs were relocated from the nursery to the finisher pens. Though data not shown,
activity levels decreased over time as the pigs aged.
Table 2: Correlation of distance traveled by week across the trial.
Week 1
Week 2
Week 3
Week 4
Week 5
Week 6
Week 7
Week 8
Week 9
Week 10
Week 11
Week 12
Week 13
Week 14
Week 15
Week 16
Week 17
Week 18

Week 2 Week 3 Week 4 Week 5 Week 6 Week 7 Week 8 Week 9 Week 10 Week 11 Week 12 Week 13 Week 14 Week 15 Week 16 Week 17 Week 18 Week 19
0.30
0.33
0.38
0.28
0.22
0.22
0.24
0.10
0.14
0.02
0.04
0.12
0.10
0.05
0.07
0.04
0.06
0.10
0.35
0.09
-0.03
0.02
0.07
0.14
0.18
0.25
0.21
0.19
0.19
0.24
0.12
0.13
0.10
0.07
0.09
0.76
0.49
0.32
0.29
0.26
0.23
0.18
0.18
0.19
0.26
0.23
0.07
0.13
0.08
0.12
0.14
0.75
0.53
0.36
0.31
0.25
0.18
0.15
0.17
0.23
0.23
0.10
0.20
0.12
0.16
0.15
0.83
0.54
0.48
0.46
0.39
0.37
0.38
0.37
0.38
0.22
0.29
0.19
0.22
0.17
0.64
0.54
0.55
0.52
0.40
0.40
0.41
0.43
0.64
0.36
0.23
0.26
0.21
0.75
0.58
0.52
0.40
0.41
0.39
0.37
0.31
0.29
0.19
0.30
0.27
0.84
0.70
0.62
0.51
0.49
0.50
0.41
0.36
0.25
0.33
0.25
0.86
0.76
0.62
0.61
0.63
0.49
0.46
0.29
0.35
0.23
0.88
0.71
0.69
0.71
0.58
0.56
0.44
0.43
0.38
0.80
0.77
0.76
0.62
0.59
0.52
0.49
0.42
0.87
0.84
0.71
0.67
0.59
0.59
0.50
0.92
0.76
0.70
0.62
0.62
0.55
0.84
0.77
0.67
0.66
0.58
0.87
0.75
0.75
0.68
0.87
0.83
0.77
0.80
0.80
0.90

Analysis of distance traveled with production traits revealed that litter was highly associated with
distance traveled (p < 0.01). No significant effect (p > 0.05) between distance traveled and sex was
identified. Distance traveled was significantly associated (p < 0.01) with wean to finish average
daily gain with a correlation of -0.29. Distance traveled was significantly associated (p < 0.01) with
final weight. Distance traveled was significantly associated (p < 0.01) with back fat with a
correlation of -0.22. Distance traveled was trended towards significance (p = 0.11) for loin eye area.
Data on individual pigs that died or were removed from the trial before harvest were analyzed. Pigs
that were removed from the trial for lameness tended to show indicators of lameness several days
prior to identification/removal by the farm staff. Figures 3, 4, and 5 are examples of the distance
traveled by individual pigs that were removed from the trial for lameness. Each pig exhibited at
least one day of drastically reduced distance traveled. Pigs that were removed for umbilical hernias
and tail bites did not express noticeable changes in activity prior to being removed for humane
reasons by the farm staff. However, one pig, that was otherwise noted as healthy, sound, and
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productive, died of undiagnosed but suspected twisted gut. The NUtrack activity that notably stood
out as being different than all other pigs in the trial was the time spent sitting (Figure 6).

Figure 3. Distance traveled by day for a single pen of finisher pigs. Pig denoted at “green J J”
displayed showed a dramatic drop in distance traveled prior to being removed by farm staff.

Figure 4. Distance traveled by day for a single pen of finisher pigs. Pig denoted as “Pink PPP”
showed historical evidence of being significantly lower for distance traveled, especially immediately
prior to removal from the pen.

Figure 5. Distance traveled per day for a single pen of finisher pigs. Pig denoted as “Yellow HHH”
showed a rapid and dramatic decline in distance traveled prior to removal by farm staff for
lameness.

Figure 6. Time spent sitting, in seconds, per day for a singe pen of finisher pigs. Pig denoted as
“Orange MM” died 25 days preharvest of undiagnosed but suspected twisted gut. Pig Orange MM
showed an early and significant deviation in time spent sitting than all other pigs in the trial, sitting
for over 12000 seconds (200 minutes) the day prior to death.
Discussion:
Within the scope of the proposed works, we developed a method for long-term tracking of individual
livestock in group-house settings. The method takes advantage of the power of deep convolutional
neural networks to detect individual targets and classify their identities. A probabilistic framework
is used to efficiently combine per-frame detection and classification across long frame sequences.
The publicly-available, human-annotated dataset introduced in this work can be used to evaluate
performance for long-term tracking of group-housed livestock by other research groups. By
representing a variety of different environments, ages/sizes of animals, activity levels, and lighting
conditions, the dataset exposes the strengths and weaknesses of tracking methods. Results
demonstrate that the method achieves an average precision and recall greater than 0.9 across a
variety of challenging scenarios. While this work focuses on pigs, it is expected that the underlying
techniques could easily be adopted to a variety of other livestock animals.
This location and orientation tracking method could be used as the foundation for a more
sophisticated tracker of activity and behavior. In terms of extracting activities, it would be relatively
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straight-forward to convert the image-space tracking outputs to pen-space distance traveled using
known camera parameters and pose estimation to the pen space. Eating, drinking, and social
interactions can be approximated from proximity of targets to fixed landmarks and other targets.
In this work, industry-standard ear tags were used for visual identification. Ideally, long-term
tracking of individuals could be achieved without augmenting targets. However, the homogeneity of
livestock populations makes it difficult to discern differences between individuals. Preliminary work
suggests that this might be possible using facial recognition, but applications to long-term tracking
are untested and facial recognition would likely require addition cameras in the pen space to get
close-up shots.
The NUtrack System significantly advanced due to this grant funding oppurtunity. NUtrack
advanced from a system needing 7 weeks to process one week of video data on a single computer to
being able to process 6 video feeds simultaneously in near real-time. At the same time, the
accuracy of the system to locate, identify, and maintain identification advanced significantly as well.
The correlation across time of the trait shown, distance traveled, indicates that timepoints close in
time can be used as a baseline for individual activity after week three in the nursery. This shows
promise in the use of activity data as early warning, for required intervention by the farm staff. Pigs
that were active tended to remain active throughout time potentially reducing the time needed to
sample pigs for general activity tendencies. This shows promise to be utilized by genetic companies
for reduced data needs for genetic selection, especially with the highly significant litter effects on
distance traveled. These activities (distance traveled shown) was associated with production traits
of average daily gain, final weight, back fat, and tended towards significant for loineye area. These
traits have a direct economic impact to producers, especially those tight on finishing spaces or
those that sell on a grid based formula. It could possibly indicate management advantages of
limiting pen space for highly active genetic lines. The retrospective analysis of data on pigs removed
from the trial and the general tendencies for activities to be correlated across time shows enormous
promise in the use of real time activity tracking data in the identification and intervention of
comprimised pigs leading to better health and production outomes.

