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X. Song







General Introduction

1.1 Sustainable Development in the Dairy Sector

By 2050, the world population is expected to reach 9.8 billion (UN, 2019), and global food
demand is expected to double (FAO, 2009). Feeding the growing population is a great
challenge and requires increases in food production from limited natural resources (FAO,
2018a). Due to globalization and the rapidly growing economies in many countries, the
dairy sector has become one of the fastest-growing segments among all food production
sectors (FAO, 2011). The global production of dairy cow milk, for example, increased by
16 % over 10 years from 697 million tons in 2007 (Gerosa and Skoet, 2012) to 811 million
tons in 2017 (FAO, 2018b). Meanwhile, the number of dairy cows has increased by 9 % and
reached 274 million head (FAO, 2018b). Along with the increase in production and number
of animals, the dairy sector has been significantly intensified (Bava et al., 2014), especially
in some upper-middle-income countries and nearly all high-income countries throughout
the world (Lowder et al., 2016). Intensified dairy farming challenges farmers to rear dairy
cows with limited space, resources, and time and is a subject of growing concern among the
general public with regard to food quality and animal health and welfare (Wolf et al., 2016;
Busch and Spiller, 2018). Additionally, intensification can result in a large amount of nitrogen
deposition and greenhouse gas emission and occurs at the expense of the environment,
causing effects such as deforestation, and biodiversity loss (FAO, 2016, 2018c). To date, the
dairy sector has been subject to enormous societal pressure to fulfill global food demand and
meanwhile to ensure sustainable development for high-quality, animal-, and environment-
friendly dairy products.

1.2 Precision Livestock Farming

With the significant development of technologies, precision agriculture has become
a general approach to contribute to sustainable food production in farming. Precision
agriculture is defined as “a management strategy that gathers, processes and analyzes
temporal, spatial and individual data and combines it with other information to support
management decisions according to estimated variability for improved resource use
efficiency, productivity, quality, profitability and sustainability of agricultural production”
(ISPA, 2019). The adoption of precision agriculture in livestock (e.g., dairy) farming is called
precision livestock farming (PLF) (Berckmans, 2008). PLF has emerged as a result of the fast-
growing sensor technologies available in the market and the requests of farmers to regularly
obtain detailed farm and animal information to facilitate management decisions (Norton and
Berckmans, 2018). It aims to make livestock farming more environmentally, economically,
and socially sustainable (Berckmans, 2008). For a decade, PLF has received considerable
attention and has been explored in many scientific studies across most livestock sectors
(Tullo et al., 2019). A significant number of scientific studies have explored how to apply PLF
to measure and monitor dairy cow bio-response with a specific focus on health management
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(Neethirajan et al., 2017; Norton and Berckmans, 2018). PLF applications aim to help farmers
optimize the health of cows through (early) disease detection and are implemented in 3
stages: measure, model, and manage (Tullo et al., 2019). Stage 1, measure. PLF implements
a variety of sensors that can be deployed on farms for automatically measuring specific dairy
cow bio-response and detecting anomalies. These responses can indicate diseases and are
related to the physical, physiological, or behavioral traits of individual cows. Stage 2, model.
PLF builds mathematical models with sensor measurements as inputs to predict or classify
the severity of sickness associated with a specific disease. The models are validated by using
a gold standard, which is often a manual assessment of cows provided by experts (e.g.,
clinical diagnoses provided by veterinarians). Stage 3, manage. PLF manages the models by
applying controllers to the model inputs to reach specific goals for farmers (e.g., to maintain
healthy production).

1.3 Limitations of PLF Applications for Dairy Cow Health Management

Currently, PLF applications have focused on detecting 3 main problems in dairy cows: mastitis,
lameness, and metabolic disorders (Rutten et al., 2013). These diseases and disorders are
the ones occurring most frequently on farms and cause discomfort, increased in mortality
rate, and decreased in productivity and fertility in cows (Fischer et al., 2019). Treating these
3 diseases and disorders is costly to farmers and can increase the risk of drug residues in
food (Baynes et al., 2016). Furthermore, these diseases and disorders can decrease feed
conversion and production efficiency in cows, leading to detrimental environmental impacts
(Mostert et al., 2018). Hence, PLF applications have intensively deployed different types
of sensors to measure potential disease-related bio-response and built disease detection
models aiming to detect these 3 problems as early as possible (Table 1-1).

The current PLF applications for dairy cow health management represent reactive
management that detects diseases and alerts farmers to treat the diseased cows. Such
applications aim to identify diseased cows as early as possible to prevent further loss in
production, fertility, and farm profits. The problem-oriented PLF applications, however, have
limitations with respect to their employment on farms.

Limitation 1

The problem-oriented attribute limits the PLF applications by focusing only on disease
detection and improving the health management within the existing scope on farms. Thus,
PLF applications lack a systematic reflection on current structures, improvement or design
of new structures, and anticipation of reduced disease prevalence due to structural change
(Bos et al., 2009).
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Table 1-1. Precision livestock farming applications for mastitis, lameness, and metabolic disorder
detection in dairy cows.

Disease/ Disease-Related Sensor Diagnose Gold
Disorder Bio-Response Type Model Standard
Mastitis Milk electrical conductivity In-line The real-time The lab test result,
(Khatun et al., 2018) spectroscopy milk  mastitis detection California Mastitis
Milk color sensors model Test, clinical
(Kamphuis et al., 2010) examination
Milk somatic cell count
(Burmanczuk et al., 2018)
Teat temperature Thermal NA?! NA
(Colak et al., 2008) camera
Lameness  Leg weight distribution Weighing scale Lameness Locomotion score,
(Tasch and Rajkondawar, 2004) classification clinical
Daily walking and lying time Pedometer & 30>  model examination
(Chapinal et al., 2011) accelerometer
Walking distance Indoor GPS
(Barker et al., 2018) r d
Hoof force distribution orce an |
(Maertens et al., 2011) pressure plates
Gait features Vision camera
(Song et al., 2008)
Metabolic  Milk fat and protein content In-line Ketosis detection  B-hydroxybutyrate
disorders  (de Roos et al., 2007) spectroscopy milk  model (blood test)

Walking activity
(Martiskainen et al., 2009)
Rumination Time
(Stangaferro et al., 2016)

Rumen pH

(AlZahal et al., 2007)
Rumen temperature
(AlZzahal et al., 2011)

sensors

3D accelerometer

Radio-telemetric
bolus

NA

NA

NA

NA

" NA: information is not available in the reference study; 2 3D: 3-dimensional.
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Figure 1-1. Overview of the thesis structure according to the root cause analysis deployed in
precision livestock farming.
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Limitation 2

Most PLF applications independently deploy single types of sensors to measure bioresponse
related to specific health problems. These applications have limited the implementation
of sensor integration into a complete package for farmers. Especially with the rapid
development of sensor technology on dairy farms, farmers often receive only sensor
measurement outputs from independently working sensors, which is difficult for them
to extract useful information from overwhelming independent and uncorrelated data to
identify the real health problems of cows (Van Hertem et al., 2017).

Limitation 3

The origin of a disease or disorder is significantly associated with the chronological relations
of multiple clinical symptoms, each of which is represented by an anomaly in the bioresponse
measurement using 1 type of sensor. Deploying single types of sensors without considering
their chronological relations to other types of sensors could limit the understanding of the
pathogenesis of a disease or disorder (Fournel et al., 2017).

1.4 Root Cause Analysis Incorporated in PLF

PLF applications in dairy cow health management should be more proactive and focus on
finding the causes of diseases and preventing disease reoccurrence on farms. To improve
PLF applications from reactive to proactive health management, we suggest incorporating
root cause analysis (RCA) into PLF. RCA is defined as a method of problem-solving used for
identifying the root (main) causes of problems (Kiruthika, 2015). RCA application to dairy
cow health management can be generally divided into 3 steps: (i) establish a sequence of
anomalies in a timeline from the time the cow was healthy to the time the metabolic disorder
was detected, (ii) investigate the cause of each anomaly (e.g., anomalies caused by biology,
physiology, pathology, farm management, or the environment), and (iii) determine the root
cause of the disease. RCA application to dairy cow health management has the potential
to reveal the main causes of diseases to farmers as a systematic reflection on current farm
management strategies and to improve or redesign farm management to prevent disease
reoccurrence. On the other hand, PLF deploys a variety of sensors on farms to automatically
and regularly measure and monitor the disease-related bio-response of individual cows,
which could offer sufficient inputs at Step 2 of RCA to collect data with a variety of clinical
symptoms. PLF deployed sensor technology can thus contribute to better identification of
the root cause of disease via RCA.

1.5 Dairy Cow Metabolic Disorders as a Case Study

Among the 3 PLF focused diseases or disorders, metabolic disorders have received the least
focus with the fewest scientific studies, as shown in Table 1-1. Hence, this thesis chose
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dairy cow metabolic disorders as a case study to incorporate PLF and RCA to investigate
the root cause of metabolic disorders. Metabolic disorders are caused by the disturbance
of 1 or more metabolic processes in dairy cows (McGuffey, 2017; Overton et al., 2017).
These disturbances can be introduced by pathogens, feeding practice changes, or transition
period, such as from gestation to lactation (Zebeli et al., 2015), which can change the delicate
nutrition and energy balances and cause metabolic disorders, such as ketosis (Duffield,
2006), ruminal acidosis (Oetzel, 2017), fatty liver (Bobe et al., 2010), and milk fever (Saborio-
Montero et al., 2017). Metabolic disorders have high impacts on a cow’s health, production,
and reproduction (Gross and Bruckmaier, 2019) and require proper management on farms
(Overton et al., 2017).

Theincorporation of RCAin PLF applications for dairy cow metabolic health management
requires monitoring bio-response that indicate a cow’s metabolism and are defined as
metabolic indicators. The currently available metabolic indicators in PLF applications (Table
1-1) for monitoring dairy cow metabolism are still inadequate. (i) Milk composition (i.e.,
milk fat content and fat to protein ratio) can be measured by in-line spectroscopy milk
sensors and used to detect clinical ketosis (de Roos et al., 2007). Although anomalies in milk
composition are indicative of metabolic disorders, it is often affected by feed quality making
milk composition less specific for indicating metabolism. (ii) Rumen pH and temperature can
be measured by placing a radiotelemetric bolus in a cow’s rumen (AlZahal et al., 2007, 2011).
Although these 2 variables reflect the physiological function of the rumen and indicate the
metabolism of a cow, the technique is invasive and costly to implement for all cows on
farms. (iii) Daily activity and rumination time can be measured by using 3-dimensional (3D)
accelerometer attached to a cow’s neck to indicate a cow’s metabolism (Martiskainen et
al., 2009; Stangaferro et al., 2016). The identified cows with anomalies in daily activity and
rumination time, however, were often severely ill and were accompanied by permanent
health damage and production losses. Currently, additional metabolic indicators to quantify
dairy cow metabolism are needed to deploy RCA on PLF applications with the requirements
of automatic and noninvasive measurement on farms using low-cost sensors and having
physiological or pathological meanings underlying their anomalies.

1.6 Dairy Cow Morphological Traits as Metabolic Indicators

When a cow is unable to maintain its energy or nutrition balances because of experiencing
a disturbance to its metabolism, its lack of physiological adaptation can result in changes to
the cow’s morphology (Schréder and Staufenbiel, 2006; Bobe et al., 2010). Morphology is
defined as the external appearance of the body and includes traits such as shape, structure,
color, pattern, and size of the whole body or body regions (Pilat, 1988). The morphological
traits of body size, body condition, hair coat, and paralumbar shape have been used for the
manual clinical diagnosis of metabolic disorders (Mantysaari et al., 2019).

Dairy cow morphological traits can be quantified automatically by using machine vision

13
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cameras, including 2-dimensional (2D) vision, thermal vision (Stajnko et al., 2008), stereo
vision using multiple calibrated 2D cameras (Tasdemir et al., 2011), and 3D vision using 1
or multiple 3D cameras (Salau et al., 2016). Images taken in 3D vision, in contrast to 2D
vision, show a clear depth difference between a cow and the background. This difference
can significantly simplify the background segmentation process (Rosell-Polo et al., 2015).
Moreover, images taken in 3D vision include depth information on the body surface,
whereas 2D and thermal images include only body contour and cross-sectional area
information. Additionally, certain morphological traits quantified using 3D vision are more
strongly correlated with manually measured reference values than stereo vision (Marinello
et al., 2015). Last, along with the development of vision technology, the cost of 3D vision
cameras has been substantially reduced (Kuzuhara et al., 2015). Hence, 3D vision cameras
have the most advantages for remotely, inexpensively, and noninvasively quantifying dairy
cow morphological traits.

1.7 Objectives and Thesis Outline

The objectives of this Ph.D. thesis are to develop and validate methods and models to
automatically quantify dairy cow morphological traits as metabolic indicators using 3D
vision and to acquire knowledge about the pathogenesis of metabolic disorders in dairy
cows by incorporating RCA into PLF applications.

This thesis selects 3 types of morphological traits in dairy cows: body size, body condition,
and body surface concavity on the left paralumbar fossa, which represents reticulo-ruminal
motility. These morphological traits are chronologically organized by the speed of the bio-
response time, from slow to fast, in Chapters 2, 3, and 4, respectively (Figure 1-1).

In Chapter 2, the body-size-related morphological traits of hip height, hip width, and
rump length were automatically quantified by using a 3D vision camera to view the rump
areas of dairy cows. The automated morphology quantification was validated with manual
body measurements as a gold standard. As an example, the propagation of the automated
measurement error to a mathematical model was quantified by using a body-weight
prediction model.

In Chapter 3, body-condition-related morphological traits in 8 body regions (i.e., spinous
processes, spinous to transverse processes, overhanging shelf, hook bone, pin bone, thurl
area, spinous processes to hook bone, and cavity between tail head and pin bone) were
quantified automatically by using 3 3D cameras viewing the top, rear, and right sides of a
cow. A nearestneighbor classification model was built to classify the body condition scores
(BCSs) of individual cows with automatically quantified morphological traits as inputs and
manual BCSs as a gold standard.

In Chapter 4, body surface concavity on the left paralumbar fossa of a dairy cow in an
automatic milking system (AMS) was quantified automatically by using a 3D camera. The
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concavity from all 3D images of 1 cow during 1 recording was chronologically assembled
to form an undulation signal. This undulation signal consisted of cyclic oscillations that
represented reticulo-ruminal contractions. The cyclic oscillation frequency was calculated
by using fast Fourier transformation and represented as the reticulo-ruminal motility.

In Chapter 5, all 3 vision systems were integrated to regularly monitor all 3 types of
morphological traits of dairy cows over 66 days. All the anomalies in the morphological traits
were identified and chronologically assembled to investigate the root cause of metabolic
disorders by applying RCA.

In Chapter 6, a general conclusion was drawn based on the findings in the previous
chapters, and the integration of PLF and RCA for dairy cow metabolic health management
from a broader perspective was discussed.
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The objectives of this study were to quantify the error of body weight prediction
using automatically measured morphological traits in a 3-dimensional (3D)
vision system and to assess the influence of various sources of uncertainty
on body weight prediction. In this case study, an image acquisition setup
was created in a cow selection box equipped with a top-view 3D camera.
Morphological traits of hip height, hip width, and rump length were
automatically extracted from the raw 3D images taken of the rump area of
dairy cows (n =30). These traits combined with DIM, age, and parity were used
in multiple linear regression models to predict body weight. To find the best
prediction model, an exhaustive feature selection algorithm was used to build
intermediate models (n = 63). Each model was validated by leave-one-out
crossvalidation, giving the root mean square error (RMSE) and mean absolute
percentage error (MAPE). The model consisting of hip width (measurement
variability of 0.006 m), DIM, and parity was the best model, with the lowest
errors of 41.2 kg RMSE and 5.2% MAPE. Our integrated system, including
the image acquisition setup, image analysis, and the best prediction model,
predicted the body weights with a performance similar to that achieved
using semi-automated or manual methods. Moreover, the variability of our
simplified morphological trait measurement showed a negligible contribution
to the uncertainty of body weight prediction. We suggest that dairy cow
body weight prediction can be improved by incorporating more predictive
morphological traits and by improving the prediction model structure.

Key words: dairy cattle, morphological trait, 3-dimensional vision, automation,
uncertainty



Automated Body Weight Prediction of Dairy Cows using 3-Dimensional Vision

2.1 Introduction

Since 1960, the average farm size has increased in some upper-middle-income countries
and nearly all high-income countries throughout the world (Lowder et al., 2016). In the
Netherlands, for example, the total number of dairy cows kept by farmers increased by
13%, while the number of dairy farms decreased by 29%, from 2005 to 2015 (Statistics
Netherlands, 2016). Moreover, Dutch dairy farmers increased the average annual milk yield
per cow to 8373 kg in 2015 (CRV, 2016). However, concerns about the welfare of production
animals are growing among the general public (Wolf et al., 2016). Consumers significantly
influence the dairy industry by choosing premium welfare products (de Graaf et al., 2016).
With increasing production per cow and pressure from consumers, dairy farmers must
provide intensive and high-standard care to individual cows to maintain high-quality and
animal-friendly milk production. Due to farm upscaling, however, it becomes increasingly
difficult to manage individual care because of the high number of cows per full-time
equivalent and the high labor demand (Barkema et al., 2015). To ease the burden, farmers
can choose to purchase available commercial products to automate certain routine labor-
intensive procedures, such as milking and feeding (Jacobs and Siegford, 2012). For other
procedures, such as health monitoring, available equipment to automate the procedures
is less developed. Recent developments in sensor technology offer promising solutions
to automate health monitoring by collecting daily information on the physical status of
individual cows (Rutten et al., 2013). Continuous monitoring can help farmers gain insight
into a cow’s changes over time, identify anomalies in their health status, and take necessary
actions. Automation of continuous health monitoring will contribute to maintaining
highquality care for individual cows under increasing farm size and production.

An example of health monitoring includes monitoring of the body weight of dairy
cows. Body weight changes during lactation. This change reflects the energy balance in the
cow (Mantysaari and Mantysaari, 2015). A long-term negative energy balance could cause
problems in health and reproduction (de Vries et al., 1999; Collard et al., 2000). To estimate
the effect of a negative energy balance, frequently measured body weights can be used in
farm management (Thorup et al., 2012). Thus, monitoring body weight can help farmers to
make management decisions with respect to a cow’s health status (van der Tol and van der
Kamp, 2010). More importantly, the body weights of individual cows must be measured and
monitored automatically to prevent additional labor input and to ensure farmers have time
to maintain high quality and individual care (Maltz, 1997). Often, dairy cows are weighed
routinely with automated weighing scales (Alawneh et al., 2011). Such scales, however, are
relatively expensive and their electronics are prone to damage in the harsh environment
covered with manure and urine and in direct contact with cows (Dickinson et al., 2013).
Hence, there is a need for a low-cost and robust automated weighing system.

As an alternative to the use of scales, body weight can be predicted based on
morphological traits that are significantly correlated with weight, such as heart girth
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(Heinrichs et al., 1992), withers height (Tasdemir et al., 2011), and hip width (Enevoldsen and
Kristensen, 1997). These morphological traits are typically measured manually. In addition
to being labor-intensive, the measurement process can be stressful to cows (Dickinson et
al.,, 2013). To automate the morphological trait measurement, new techniques, such as
computer vision, have been explored (Tasdemir et al., 2011; Marinello et al., 2015). With
computer vision, morphological traits are defined and measured as distances or areas among
pre-identified anatomical landmarks on the surface of a cow’s body (Kuzuhara et al., 2015).
These anatomical landmarks are typically clearly visible, such as some bone structures (e.g.,
hip bones and spine) that clearly protrude from their surrounding region (Kawasue et al.,
2013). Identifying anatomical landmarks with computer vision is the basis for automatically
measuring morphological traits and their derivatives.

Currently used computer vision techniques to measure dairy cow morphological traits
include 2-dimensional (2D) vision, thermal vision (Stajnko et al., 2008), stereo vision using
multiple calibrated 2D cameras (Tasdemir et al., 2011), and 3-dimensional (3D) vision
using 1 or multiple 3D cameras (Marinello et al., 2015; Salau et al., 2016)., Images taken in
3D vision, in contrast to 2D vision, show a clear depth difference between a cow and the
background. This difference can significantly simplify the background segmentation (Rosell-
Polo etal., 2015). Moreover, images taken in 3D vision include depth information on the body
surface, whereas 2D and thermal images include only body contour and cross-sectional area
information. Additionally, certain morphological traits quantified using 3D vision are more
strongly correlated with manually measured reference values compared with stereo vision
(Tasdemir et al., 2011; Marinello et al., 2015). Lastly, compared with a single 3D camera, the
costs for multiple 2D or 3D cameras and a subsequent recording synchronization system are
substantially higher (Kuzuhara et al., 2015).

In this case study, we chose to quantify dairy cow body morphological traits by
automatically processing images taken in a 3D single-camera vision system. The error
produced in the automated image processing will produce an error in the quantification of
morphological traits, which in turn might have considerable consequences for body weight
prediction. The objectives of this study were to quantify the error of body weight prediction
using automatically measured morphological traits in a 3-dimensional vision system and to
assess the influence of various sources of uncertainty in body weight prediction.

2.2 Materials and Methods

Image Acquisition

In December 2015, 3D images of 30 lactating Holstein cows (i.e., 1 image per cow) were
acquired at a commercial dairy farm in the Netherlands. The farm had a freestall barn
equipped with automatic milking systems (AMS, Astronaut A4, Lely Industries N.V,
Maassluis, the Netherlands). Near 1 of the AMS, an image acquisition setup was constructed
(Figure 2-1). The setup was placed next to the exit of the AMS so that cows could enter
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Figure 2-1. The layout of the image acquisition setup at the test farm with arrows indicating
the walking route of a cow. The computer controls the acquisition and is connected with the
3-dimensional (3D) camera, identification (ID) receiver, and weight indicator.

it immediately after milking. The setup consisted of a cow selection box, an electronic
weighing scale, a 3D camera, and a computer that connected and controlled the setup.

A cow selection box (Grazeway, Lely Industries N.V) was built with automatic entrance
and exit gates. Near the exit gate, a cow identification (ID) receiver (longrange wireless base
unit, SCR, Netanya, Israel) was mounted on the side of the box. The receiver automatically
identified the cow in the setup through an ID tag (HR-LD, SCR) around its neck. The floor
of the box was an iron plate (2.8 x 0.8 x 0.15 m) attached to an electronic weighing scale
(AllScales, Hank Maas B.V., Veen, the Netherlands). One load cell was attached to each corner
under the iron plate, and all 4 could weigh up to 1500 kg with a measurement precision of
0.5 kg. These load cells were connected to a digital weight indicator that showed a stable
weight every second when the difference between the currently measured weight and the
previous weight was no more than 1 kg.

A 3D camera (Kinect Sensor for Windows version 2, Microsoft, Redmond, Washington,
United States) was mounted on the metal frame of the selection box to capture a top-view
image of a cow’s rump. The 3D camera was a depth-sensing timeof-flight camera with a
resolution of 512 x 424 pixels and a field of view of 70 (horizontal) x 60 (vertical) degrees. Its
range was between 0.5 m and 4.5 m, with a pixel size of 0.003 x 0.003 m and depth precision
of 0.001 m at a viewing distance of 1 m. The camera was attached to the box at an angle of
3 degrees to the xy plane to capture the greatest possible amount of information on a cow’s
body. The angles to the other 2 planes were 0 degrees. Moreover, the center of the camera
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Side view

3-D camera

Weighing scale

Top view

Figure 2-2. Image acquisition setup with a cow, a 3-dimensional (3D) camera, and a weighing scale
from the side and top view.

lens was on the centerline of the box in the x direction, 0.50 m from the entrance gate in
the y direction, and 1.95 m above the iron plate of the weighing scale in the z direction
(Figure 2-2).

Image acquisition was triggered by a cow entering the setup after a successful milking.
Both the entrance and exit gates of the selection box were closed to keep the cow in the
box. After closing both gates, a raw 3D image of the cow’s rump was taken and saved by
an image recording algorithm in C-language. The recording algorithm also saved the cow’s
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ID, the recording time, and the weight measured at the recording time from the electronic
weighing scale. Additionally, days in milk (DIM), age, and parity were collected from a dairy
farm management software (T4C, Lely Industries N.V.). After image acquisition, the exit gate
was opened to release the cow.

Image Analysis

All raw images were processed in 6 steps (Figure 2-3) and using the Computer Vision System
and Image Processing toolboxes in MATLAB (2016a, MathWorks, Natick, Massachusetts,
United States). Each raw 3D image (e.g., Figure 2-4) was a point cloud consisting of a set of
data points with xyz coordinates. The coordinates represented the relative position of each
point on the object to the center of the camera lens in the x, y, and z directions. The raw 3D
image included the surface of a cow’s body, the frames of the selection box, the weighing
scale, and image noise.

Step 1 Cow Body Segmentation. The body surface of each cow (Figure 2-5-a) was
segmented from the raw image by determining the boundaries of a region of interest (ROI)
in the x, y, and z directions and selecting points within the ROl as the cow body. The ROI
boundaries in the x and y directions were assumed to be the positions of the metal frames
of the selection box. These boundaries were determined by measuring the metal frames in
an empty image without cows. The boundary in the z direction was set to 1 m to separate
the body of each cow from the ground. After cow body segmentation, all points within the
ROI boundaries were saved as the cow’s body surface.

Step 2 Image Noise Removal. The remaining small groups of points or single points,
which were isolated from the cow’s body in the segmented image, were considered image
noise and removed using a noise removal algorithm. The algorithm calculated the mean
of the distances between every point in the ROl and its neighbors. Any point with a mean
distance greater than the threshold (i.e., mean plus 1 standard deviation (SD) of the mean
distances of all points) was identified as image noise and discarded from the image (Figure
2-5-b).

Step 3 Transformation. To correct for the fact that the camera was mounted at a
3-degree angle to the xy plane, the 3D image was rotated back by 3 degrees. Moreover, the
starting point of the z axis was converted from the center of the camera lens to the surface
of the iron plate of the weighing scale. The z axis conversion made each point’s z coordinate
the height above the plate (Figure 2-5-c).

Step 4 Interpolation. The 3D image was interpolated into a mesh grid with a grid
spacing of 0.005 m in the x and y directions. For each grid point, we assigned its value as the
z value of its nearest neighbor in the point cloud (Figure 2-5-d). The mesh grid image was
considered a matrix. The columns and rows of the matrix were represented by the mesh grid
points in the x and y directions, and the elements of the matrix were the heights of the grid
points in the z direction.
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Figure 2-3. A flow chart of the 6 steps in image analysis using Computer Vision System and Image
Processing toolboxes in Matlab.
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Figure 2-4. raw 3-dimensional (3D) point cloud image with different colors representing different
distances to the camera lens. The image consisted of a cow’s body surface, selection box frames,
weighing scale, and image noise.
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Step 5 Anatomical Landmark Identification. Vertebrae in the lumbar, sacrum, and
coccyx of the spine form a clearly protruding ridge; therefore, they are seen as the highest
part of the surface of a cow’s rump. To find this ridge in the matrix, we first identified the
highest element of each row (Figure 2-5-e). Then, these elements were connected in a line,
which represented the spine in the craniocaudal direction. To standardize the mesh grid
image (i.e., matrix), we rotated the image in the xy plane to align the spine line perpendicular
to the x axis and parallel to the y axis. After rotation, the spine was represented as a single
column in the matrix.

In addition to spine identification, we located the anatomical landmarks of hip bones
and pin bones, which clearly protrude on the lateral sides of a cow’s rump. To locate these
bones, we first separated the matrix into left and right (in the x direction) by discarding the
spine and its adjacent columns (n = 20) on both sides from the matrix. Second, both the left
and right parts of the matrix were separated into the front and rear in the y direction by
discarding the middle rows (n = 11) from the matrix. Excluding the middle columns and rows
will separate the matrix into 4 quadrants (Figure 2-5-f), which ensured that only 1 protruding
anatomical landmark (either a hip or pin bone) could be located in each quadrant. For each
guadrant, the row with the greatest mean height was considered to cross the protruding
bone. In this row, the farthest element from the spine, which was higher than the mean
height of the quadrant, was identified as the center of the protruding bone (Figure 2-5-f).

Step 6 Morphological Trait Quantification. Three morphological traits were quantified
in the matrix based on the pre-located centers of the anatomical landmarks (Figure 2-6). Hip
height was defined as the mean height of the 2 hip bone centers. Rump length was defined
as the mean distance in the y direction between the centers of the hip and pin bones from
both sides of the body. Hip width was defined as the distance in the x direction between the
2 hip bone centers.

Body Weight Prediction Model

A multiple linear regression model was built with the dataset of 30 cows to predict dairy cow
body weight (Equation 2-1). This dataset included automatically quantified morphological
traits (i.e., hip height, rump length, and hip width), DIM, parity, age, and referential body
weight (i.e., the weight measured using the electronic weighing scale). The model with all 6
traits as input variables was defined as the full model:

BodyWeight. = B, + p, x HipHeight, + [, x RumpLength, + [, x HipWidth, + 3, x DIM,
+f. x Age, + B, x Parity, + &, £~N(0,0,%)iid.

(Equation 2-1)

where Bis a parameter vector, € is an error term, 052 is the error variance, and j denotes the
i cow.
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To improve the full model with respect to predictive power, an exhaustive feature
selection algorithm was used to build and test intermediate models with all 63 possible
input variable combinations. Each intermediate model was trained and validated by leave-
one-out cross-validation using the Statistics and Machine Learning Toolbox in MATLAB. The
predictive performances of the full and intermediate models were quantified by the root
mean square error (RMSE) (Equation 2-2) and mean absolute percentage error (MAPE)
(Equation 2-3):

Morphological traits

1.5
15
14 Hip height 2 5k
z(m) ’
1.3 Rump length 2
. z(m
12 Hip m
0
1.3
Pin bone 2
50 o
¥ (grid) Pin bone 1 100

100 50 x(grid)

Grid spacing 0.005 :n
Figure 2-6. Hip bones, pin bones, and 3 types of morphological traits (i.e., hip height, rump length,

and hip width) were projected on a 3-dimensional (3D) mesh grid image of the cow’s rump surface
(the complete surface without excluding the middle rows and columns).

Zn:(yi_j\}i)2

= (Equation 2-2)
i

RMSE =
n

n A (Equation 2-3)
MAPE =2 3121l 100%
noa| )

where y, is the referential body weight, §, is the estimated body weight from the prediction
model, n is the total number of cows (i.e.,, n = 30), and i denotes the ith cow. Of all 64
models, the one with the smallest RMSE was selected as our final (best) model to predict
body weight.
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Quantification of Variability in Morphological Trait Measurement

For each morphological trait, the variability of the automated measurement was estimated by
the SD of the repeated measurements (n = 9) on a life-size model cow. These measurements
were conducted by placing the model cow at 9 locations with a position difference of
0.05 m in either the x, y, or both directions in the image acquisition setup.

To compare with the automated measurement, the morphological traits of the same
model cow were independently measured by 10 human assessors using a ruler attached to
a spirit level and a stadiometer with a measurement precision of 0.005 m for both tools. The
10 assessors were engineers with no experience in quantifying cow morphological traits and
were individually introduced to a predefined protocol (Appendix 2-1). They independently
identified anatomical landmarks (e.g., hip and pin bones) and measured the morphological
traits (i.e., distances and heights) of the model cow. The SD of each morphological trait
measured by the 10 assessors was calculated as an estimate of the variability of the manual
measurement.

Propagation of Morphological Trait Measurement Error into Body Weight Prediction

To compute the influence of the morphological trait measurement error (estimated by the
variability of the measurement) on the body weight prediction error, we created 3 artificial
datasets (A, B, and C) and referential body weights based on the final model (Equation 2-4):

BodyWeight = B, + B, x X, + B, x X, +...+ B, x X, +&, £~N(0,0,%)i.id.
(Equation 2-4)

where B is a parameter vector, X is the input variable in the final model (including
morphological traits and age-related information), k is the number of input variables in the
final model, € is an error term with a normal distribution, and ogz is the error variance.
All 3 datasets were used to compute and compare body weight predictive performances.
Dataset A represented a set of morphological traits in the final model without the influence
of the measurement error; dataset B represented the same set of morphological traits
under the influence of automated measurement error; dataset C represented the same set
of morphological traits under the influence of manual measurement error.

Dataset A was created as follows: for each morphological trait, a collection of 1,000

samples was drawn from {X }, ~~N ()?,oxz) , where X is the mean of the trait in our 30-cow

1000
dataset and crx2 is the variance of the trait calculated based on

1 & =
O-X2 = 1 Z(X, -X) (Equation 2-5)
L=l
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where X is the input variable (not including age-related information) of the /* cow, n is the
total number of cows (i.e., n = 30), and i denotes the it" cow.

Dataset B was created in a similar way as dataset A, with only 1 difference: after
creating a collection of 1,000 samples of each of the morphological traits, the samples were
artificially disturbed by an error €,, stemming from the automated morphological trait
measurement. This error was modeled as ¢,, ~ N (0, 0, °) , where o, ? is the squared
value of the automated measurement variability calculated in Section 2.4. Effectively, the
1,000-sample collection of dataset B was drawn from

{XB}N)OO ~N()_(,GX2 +0'AM2)‘

Dataset C was created in a similar way as dataset B. The samples, however, were
artificially disturbed by a manual measurement error ¢, ~ N (0, g,, %) , where o, is the
squared value of the manual measurement variability calculated in Section 2.4. Effectively,
the 1,000-sample collection of dataset C was drawn from

{XC}IOOO - N()_(’O-X2 +O-MM2)

Referential body weight was a collection of 1,000 samples calculated based on Equation 2-4
with the morphological traits in dataset A, the means of the age-related information of the
30-cow dataset, and error term £ was drawn from £ ~ N (0, %) i.i.d., where o * is the error
variance of our 30-cow dataset testing on the final model based on

7 SSE
° o p— (k+1) (Equation 2- 6)

where SSE is the sum of squared error, n is the number of samples (i.e., n = 30), and k is the
number of the input variables in the final model.

For each dataset, a multiple linear regression was tested against the referential body
weights. The body weight predictive performance of the dataset was quantified with the
RMSE and MAPE in the same way as in Section 2.3. The prediction error differences among
the dataset were the estimates of the influences of different measurement errors on body
weight prediction.

2.3 Results
Descriptive statistics of the model input variables, referential body weights, and their

respective Pearson correlation coefficients for the 30 dairy cows are shown in Table 2-1.
Among the variables, hip width, age, and parity showed significant linear relationships with
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Table 2-1. Descriptive statistics of model variables, referential body weights, and their respective
Pearson correlation coefficients of 30 dairy cows.

Item Minimum Mean Maximum SD pcc?
Body weight (kg) 485.5 597.4 767.5 81.0 -

Hip height (m) 1.302 1.359 1.414 0.029 -0.05%
Rump length (m) 0.368 0.432 0.475 0.027 0.33%
Hip width (m) 0.385 0.442 0.510 0.035 0.76***
DIM* (day) 1 136 363 100 0.18%
Age (year) 2.02 3.66 8.03 1.92 0.81***
Parity (number) 1 3 7 2 0.81***

P < 1, TP < 0.10, *P < 0.05, **P < 0.01, ***P < 0.001. Null Hypothesis: the population correlation
coefficient is not significantly different from 0; alternate Hypothesis: the population correlation
coefficient is significantly different from 0.

'DIM: days in milk; 2PCC: Pearson correlation coefficient.

Table 2-2. The variabilities of the automated (n = 9) and manual (n = 10) morphological trait
quantifications of a life-size model cow.

Morphological traits Automated measurement variability Manual measurement variability
Hip height (m) 0.003 0.001
Rump length (m) 0.012 0.011
Hip width (m) 0.006 0.009

Table 2-3. Predictive performances of the final body weight prediction model compared those of
the full model and 2 intermediate models.

Multiple linear regression models RMSE* (kg) MAPE? (%)
Full model
BodyWeight = B, + B, x HipHeight + B, x RumpLength 45.2 5.5

+ B, x HipWidth + B, x DIM + B, x Age + B, x Parity + €

Two examples of intermediate models

BodyWeight = B + B, x HipWidth + & 55.4 7.4

BodyWeight = B+ B, x DIM + B, x Age + € 49.5 6.1
Final model

BodyWeight = B + B, x HipWidth + B, x DIM + B, x Parity + & 41.2 5.2

'RMSE: root mean square error; 2MAPE: mean absolute percentage error.
[: parameter; €: error term; DIM: days in milk.
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Table 2-4. Body weight prediction errors resulting from the tests on 3 artificial datasets with and
without the error of the hip width measurement.

Dataset RMSE? (kg) MAPE? (%)
Dataset A (without measurement error) 38.6 5.1
Dataset B (with automated measurement error) 39.1 5.2
Dataset C (with manual measurement error) 39.5 5.3

'RMSE: root mean square error; 2MAPE: mean absolute percentage error.

the referential body weight. Additionally, age and parity were highly correlated, with a Pearson
correlation coefficient of 0.97 (P < 0.001).

The variabilities of the automated (n = 9) and manual (n = 10) morphological trait
measurements of a life-size model cow are listed in Table 2-2. In both automated and manual
measurements, hip height showed the smallest variability and rump length the largest.

The performances of the full, intermediate, and final prediction models with leave-one-
out cross-validation are shown in Table 2-3. The final model consisted of the input variables
hip width, DIM, and parity and included prediction errors that were 4.0 kg (RMSE) and 0.3%
(MAPE) less than the full model. Moreover, the residuals of the final model were visually
inspected and considered to be normally distributed.

The predictive performances of the final model test on all 3 artificial datasets are shown in
Table 2-4. The automated measurement error increased 0.5 kg RMSE and 0.1% MAPE in the body
weight prediction, while the manual measurement error increased 0.9 kg RMSE and 0.2% MAPE.

2.4 Discussion

This study predicted dairy cow body weight with automatically measured morphological
traits using 3D vision and age-related information. The final multiple linear regression
model with input variables of hip width, DIM, and parity predicted body weight with an
RMSE of 41.2 kg. This predictive performance is similar to studies using manually measured
morphological traits in combination with similar models: 36.7 kg from Banos and Coffey
(2012), 47.0 kg from Haile-Mariam et al. (2014), and 35.9 kg from Vanrobays et al. (2015). It
is also similar to results of the study of Kuzuhara et al. (2015), who found an RMSE of 42.6
kg using 3D vision combined with the manual identification of the anatomical landmarks in
the 3D images.

Although the prediction error is similar to those of other studies, we are aware that an
error of 41.2 kg is much larger than the cow’s average daily weight change caused by net
energy intake, which is less than 1 kg (Jensen et al., 2015). This is likely because our prediction
model mainly contained variables (hip width, DIM, and parity) that do not fluctuate on a
daily basis. This model is not yet suitable for monitoring shortterm body weight variation or
detecting anomalies in a cow’s health status. Practical application of automated monitoring,
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therefore, requires addressing the error sources that significantly influence the prediction
performance. We categorize those sources as stemming from the (1) quality of automated
morphological trait measurement, (2) choice of model input variables, and (3) type of
prediction model.

Source 1

The integrated system was validated on a life-size cow model with respect to the variance
associated with morphological trait measurements. For both automated and manual
measurements, the variabilities were no greater 0.012 m (Table 2-2). The low variability in
the automated measurement could be attributed to the image resolution of 0.003 m (x) x
0.003 m (y) x 0.001 m (z) at a viewing distance of 1 m. This resolution enables consistent
identification of anatomical landmarks on the surface of a cow’s rump and precise
quantification of the morphological traits. Moreover, the low variability in the manual
measurement could be attributed to the predefined protocol (Appendix 2-1) followed by
all the assessors. Although both types of measurement variabilities were low, the influence
of measurement quality on body weight prediction requires further investigation. First,
the variability tests in our study were done on a life-size cow model in an experiment hall
using automatic and manual approaches. Thus, we simplified the measuring conditions and
ignored the influences (e.g., illumination and fur color difference) of measurements on real
cows on a farm. Second, the measurements were repeated on the cow model, whereas
measurements on the real cows were not repeated at the farm. Third, when identifying
the anatomical landmarks of different cows, the precision of the identification may depend
on the shape of a cow. Bones from fat cows protrude less than the ones from thin cows.
Lastly, the manual measurement variability of the cow model was low. However, performing
manual measurements on real cows at farms will lead to a larger variability. Thus, further
study is required to test the variability and reliability of the measurements on real cows at
different farms and to quantify the error propagation from these sources.

Source 2
The input variables used in our body weight prediction model included morphological
traits and age-related information. Among all the input variables, hip width had the largest
and most significant linear correlation with referential body weight. It was also the only
morphological trait remaining in the final model. The significance of hip width in body
weight prediction was also found by Enevoldsen and Kristensen (1997) and Banos and
Coffey (2012). Enevoldsen and Kristensen (1997) argued that body width development is
the final step in dairy cow body development. In our study, 19 of the 30 cows were in their
first or second lactation and therefore were still growing. This factor can likely explain the
positive correlation found between hip width and referential body weight.

Hip height showed a weak linear correlation with referential body weight, which is
consistent with the results of Tasdemir et al. (2011) and Enevoldsen and Kristensen (1997).
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However, Heinrichs et al. (1992) found a strong correlation between body height and
weight of dairy calves and heifers. The contradiction between the studies can be explained
by the different ages of the studied animals. For young animals (Heinrichs et al., 1992),
height-related traits are also indicators of early life growth and body weight gain. When
cows are reaching maturity (e.g., in our study), height-related traits become stable, and this
information is less useful for predicting body weight and changes.

Rump length also showed a weak correlation with referential body weight. This finding is
inconsistent with Tasdemir et al. (2011) and Yan et al. (2009), who found a high correlation.
A possible explanation is that in our image acquisition setup, the 3D camera focused only
on a small part of the length of a cow, the rump, while Tasdemir et al. (2011) and Yan et al.
(2009) used multiple cameras to guarantee a full body scan. Compared with full body length,
rump length includes too little information on cow length variation. Therefore, incorporating
additional morphological traits that correlate with full body length might improve models
for body weight prediction.

Input variables DIM and parity remained in the final model. This is consistent
with Enevoldsen and Kristensen (1997) and Kuzuhara et al., (2015). Although DIM was
insignificantly correlated with the referential body weight, it might be a predictor for body
weight changes during lactation. Moreover, DIM may also provide additional information
related to the pregnancy status of a cow, especially in the later stage of lactation (Bereskin
and Touchberry, 1967). Parity was strongly correlated to the referential body weights in
the present study and was used as a linear input variable in the prediction model. This is
inconsistent with the study of Kertz et al. (1997), who constructed different body weight
prediction models for different parities. Parity was used as a linear input variable because
the parities of the cows in our data were unevenly distributed (i.e., 19 cows had a parity
of 1 or 2 and 1 cow had a parity of 4). In future studies, parity could be used as a random
effect variable for predicting body weight. Age was highly correlated with parity in the
present study and, hence, not included in the final model. Age being a linear variable in
the prediction model of adult cows is consistent with Banos and Coffey (2012). However, to
predict body weight of young cows (e.g., calf and heifer), the quadratic form of age may be
more suitable.

Due to the limitation of the camera view, we could not measure all potential relevant
input variables. Such variables can include morphological traits not tested in this study but
that have shown significant contributions to the body weight prediction in previous studies,
such as heart girth (Heinrichs et al., 2007), chest width (Banos and Coffey, 2012), paunch
girth (Sieber et al., 1988), udder size (Haile-Mariam et al., 2014), full body length (Banos
and Coffey, 2012), body surface area (Brandl and Jgrgensen, 1996), and body condition
(Haile-Mariam et al., 2014). These variables can also be those containing information about
body weight changes in the short or mid-term, such as milk yield (Haile-Mariam et al.,
2014), energy balance (Jensen et al., 2015; Méntysaari and Mantysaari, 2015), and days
in pregnancy (Bereskin and Touchberry, 1967). These types of variables can be combined
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with or replace the current input variables to potentially better predict body weight and
its variations. Thus, to find other and preferably better body weight predictors that can
be measured automatically is one possible means to improve the current body weight
prediction.

Source 3

The prediction model was based on multiple linear regression as commonly applied in
prior research (Tasdemir et al., 2011; Haile-Mariam et al., 2014; Kuzuhara et al., 2015).
Alternatively, Banos and Coffey (2012) and Vanrobays et al. (2015) suggested using a mixed-
effects model with random effects (e.g., cows, breeds, herds, etc.). In these studies, large
datasets were collected from multiple herds and morphological traits were measured over
time. As a case study, we limited the image acquisition to 30 cows from 1 herd with no
repeated measurements from the same cow. For future studies, we suggest to include data
from different breeds and herds, to do time-series measurements of morphological traits
(e.g., subcutaneous fat deposit) that vary over time, and to investigate different types of
models to provide short-term or daily weight changes that are indicative of the physiological
status of interest.

Overall, the body weight prediction of the final model reached our expectation. We
also observed that more input variables were used to predict body weight in existing
studies. As a case study, we chose 3 commonly used morphological traits to be measured
automatically using 3D vision, which was demonstrated as a technology with great potential
in automation. Moreover, our study sets guidelines for follow-up research. We believe that
this methodology is relevant for automated monitoring systems in general.

2.5 Conclusions

Our automated dairy cow body weight prediction achieved performance similar to those
of manual and semi-automated methods. The bottleneck in the prediction lies not in the
quality of automated morphological trait measurement but in the prediction model. Follow-
up research should focus on selecting predictive traits, improving the model structure, or a
combination thereof.
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Appendix 2-1. Protocol for a morphological trait measurement in a life-size model cow

S

@+ p oo

Stand behind the cow, in line with the top of the spine.

Visually find the contour of the left hip bone and estimate the highest point on the
contour.

Point out the highest point with a finger and adjust the location on closer inspection.
Label the point with a small sticker.

Repeat steps a to d for the right hip bone.

Stand to the left of the cow and face toward the left pin bone, in line with the tailhead.
Visually find the contour of the left pin bone and estimate the highest point on the
contour.

Point out the highest point with a finger and adjust the location on closer inspection.
Label the point with a small sticker.

Repeat steps f to i for the right pin bone.

Use a spirit level with a length measuring function (measurement precision of 0.005 m)

for the following distance measurements.

Place the level horizontally to measure the distance between the left and right hip
bone markers as the hip width.

Place the level horizontally to measure the distance between the left hip-bone and
pin-bone markers as the left rump length.

. Place the level horizontally to measure the distance between the right hip-bone and

pin-bone markers as the right rump length.
Calculate the mean of the left and right rump lengths.

Use a stadiometer with a ruler (accuracy of 0.005 m) and a sliding horizontal headpiece

(including a level indicator) for the following height measurements.

Place the ruler of the stadiometer vertically and next to the left hip bone; place the
sliding headpiece horizontally on the marker to measure the left hip height.

Place the ruler of the stadiometer vertically and next to the right hip bone; place the
sliding headpiece horizontally on the marker to measure the right hip height.
Calculate the mean of the left and right hip heights.
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Machine vision technology has been used in automated body condition score
(BCS) classification of dairy cows. The current vision-based classifications used
information acquired only from a limited number of body regions of a cow.
Our study aimed to improve the automated BCS classification by including
multiple body-condition-related features extracted in 8 body regions from 3
viewpoints. The dataset of this study included 44 lactating cows with their
BCSs evenly distributed over the scale of BCSs from 1.5 to 4.5 units. The
body images of these cows were recorded over 2 consecutive days using
3-dimensional cameras positioned to view the cow from the top, right side,
and rear. Each image was automatically processed to identify anatomical
landmarks on the body surface. Around these anatomical landmarks, the
bony prominences and body surface depressions were quantified to describe
8 body-conditionrelated features. Moreover, the manual BCS of each cow was
independently assigned by 2 trained assessors using the same predefined
protocol. With the extracted features as inputs and manual BCSs as the
reference, we built a nearest neighbor classification model to classify BCSs
and obtained an overall classification sensitivity of 0.72 using 10-fold cross-
validation. We conclude that the sensitivity of automated BCS classification
has been improved by expanding the selection of body-condition-related
features extracted from multiple body regions.

Key words: dairy cattle, 3D camera, automatic, BCS



Automated Body Condition Scoring of Dairy Cows
using 3-Dimensional Feature Extraction from Multiple Body Regions

3.1 Introduction

The body condition of a dairy cow is a reflection of its fat reserves (Roche et al., 2009) and
is influenced by the feed efficiency (Rathbun et al., 2017), diet type (McCarthy et al., 2007),
and stocking rate (Coffey et al., 2017) on farms. As an indicator in farm management, body
condition is associated with dairy cow energy balance (Thorup et al.,, 2012). It varies
throughout lactation and is a net result of fat storage and depletion. Abnormal and sudden
variation in the body condition can be a sign of metabolic failure caused by a disorder,
disease, or improper management (Rathbun et al., 2017; Chebel et al., 2018). Therefore,
dairy farmers are advised to regularly assess their cows’ body condition to prevent metabolic
failure and to maintain individual cow welfare.

Body condition is usually quantified by a body condition score (BCS). This BCS is assigned
by trained assessors using a predefined scoring protocol containing, e.g., a five-point scoring
system with 9 levels of fatness from lean to obese (Edmonson et al., 1989). The assessors
use visual inspection and sometimes palpation of a cow’s lumbar and sacral regions to
classify body condition (Roche et al., 2004). The quality of manual scoring depends on
the experience of the assessor and the quality of the scoring protocol (Kristensen et al.,
2006). To incorporate high-quality manual scoring in farm management, farmers must
regularly hire experienced assessors or to receive training to score their own cows, but
both approaches are labor-intensive and costly (Roche et al., 2009). Consequently, regular
high-quality manual body condition scoring of individual cows is difficult to incorporate as a
routine procedure in farm management.

Two sensor technologies have been applied to replace the costly manual scoring method:
ultrasonography and machine vision. Ultrasonography has been used to directly measure
the subcutaneous fat thickness of dairy cows (Domecq et al., 1995). Although technology
has improved the accuracy of fat measurements (Schroder and Staufenbiel, 2006), the
procedure remains labor-intensive because it is conducted with a handheld device. In
contrast, machine vision can automate body condition scoring and this automation can be
inexpensive. Vision cameras, including two-dimensional (2D) (Bewley et al., 2008; Azzaro
et al., 2011; Bercovich et al., 2013), thermal (Halachmi et al., 2008), and 3-dimensional
(3D) (Fischer et al., 2015; Spoliansky et al., 2016) cameras, have been used to automatically
extract body-conditionrelated features. These features include bony prominences and
body surface depressions both of which are related to subcutaneous fat reserves and are
quantified as variables of the automated body condition scoring.

In current machine vision-based studies, BCS is often assumed a continuous variable
and is predicted with regression models. BCS, however, is an ordinal variable as it classifies
cows into different categories of body condition. Moreover, all machine vision-based studies
are conducted using a single camera. The single-camera views fewer body regions than
those are assessed by manual scoring. Recent studies have demonstrated the feasibility of
using multiple 3D cameras to record the entire body surface of the cow (Guo et al., 2017;
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Salau et al., 2017). We hypothesized that features can be extracted from all the body regions
assessed in manual body condition scoring using multiple 3D cameras and that machine
vision-based scoring will be improved if all these features are included. Therefore, we
aim to improve the 3D vision-based BCS classification by expanding the selection of the
automatically extracted body features from multiple viewpoints.

3.2 Materials and Methods

Cow Selection

We aimed to build a balanced dataset with 5 cows in each half-point BCS class. Two Dutch
(farms A and B) and 2 German (farms C and D) farms were selected based on the expected
body condition of the cows, which were suggested by local farm management advisors.
Farm A was selected for its high proportion of lean cows, farms B and C were selected for
their average cows, and farm D was selected for its obese cows. All farms were commercial
free-stall barns equipped with automatic milking systems (Astronaut A4, Lely, Maassluis,
The Netherlands). On each farm, half of the herd was randomly selected and independently
assigned a BCS by 2 trained assessors following a manual body condition scoring protocol.
When a cow received the same BCS from both assessors and its BCS contributed to the
balanced dataset, it was selected for this study.

Data Collection

Data from 44 cows were collected twice on 2 consecutive days in October 2017. These cows
were Holstein Friesian (n = 33) and Simmental (n = 11), ranging from 34 to 451 days in milk
and with parities ranging from 1 to 11. On the days of data collection, all the selected cows
were gathered at the feed fences in a separate area for manual body condition scoring and
image recording.

Manual Body Condition Scoring. Onthe days of data collection, 2 assessorsindependently
assessed all 44 cows. Before cow selection and data collection, the 2 assessors were trained
by an expert regarding how to use the manual body condition scoring protocol. This method
is based on the work of Edmondson et al. (1989) and is used by advisors of the GD Animal
Health (Deventer, The Netherlands). The protocol is a guidance to assess the fatness of 8
body regions on a 5-point scale from lean to obese with half-point increments (i.e., 9 levels).
The protocol focuses on the right side of the body to help the assessor visually assess (1) the
bony prominences of the spinous and transverse processes and hook and pin bones, and
(2) the body surface depressions above the transverse processes, the thurl area, the area
between the spinous processes and hook bone, and the cavity between the tail head and
pin bone (Figure 3-1). In addition, this protocol guides the assessor in assigning an overall
BCS based on the conditions of all the assessed body regions.

Image Recording. A moveable setup for image recording was built to be placed behind
a cow to capture its 3D body surface from different views with 3D cameras. The setup
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Figure 3-1. Body regions assessed in the manual body condition scoring protocol.
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consisted of an aluminum frame supporting 3 identical 3D cameras (Realsense SR300, Intel,
Santa Clara, California, USA) to record images from the top, right, and rear sides of the cow.
The mounting positions and angles of each camera on the frame were selected to cover all
the body regions assessed in the manual scoring protocol (Figure 3-2). The cameras and the
corresponding body regions that they covered are listed in Table 3-1.

The 3D cameras are coded light cameras with a resolution of 640 x 480 pixels and field-
of-view angles of 71.5° (horizontal) and 55.0° (vertical). The camera viewing distance ranged
from 0.2 to 1.5 m, with a pixel size of 0.002 (horizontal) x 0.002 (vertical) x 0.001 m (depth)
at a viewing distance of 1.0 m. Each camera was connected to a USB 3.0 port of a recording
computer (NUC-6i3SYK, Intel).

After a cow underwent manual BCS assessment, the setup was manually moved behind
the cow. When the cow was standing still, image recording was manually initiated. Five
images were consecutively recorded at 2 Hz from the top-view camera, from the side-view
camera, and finally from the rear-view camera. After recording, the cow was returned to the
herd, and data collection continued for the next cow.

Table 3-1. Body-condition-related feature extractions in their corresponding body regions,
anatomy in vivo, camera view, anatomical landmarks, and the rectangular regions of interest.

Body region Anatomy in vivo Camera  Anatomical A rectangular region of interest
view landmark
Spinous Bony projection of Top Vertebral 11 columns with the spine trend line
processes the posterior of each column in the center and from the centerline
vertebra in the sacral of the sacral ligament to the end of
region the body
Spinous to An area between the Top Vertebral From the vertebral column to the
transverse tips of the spinous column, hook center of the hook bone and 20 rows
processes and transverse bone, sacral starting from the top edge of the
processes of each ligament sacral ligament in the cranial direction

vertebra in the
lumbar region

Overhanging An area near the tips  Side Hook bone 25 columns starting from the edge of
shelf of the transverse the hook bone in the cranial direction
processes and 10 rows starting from the edge of
the hook bone in the ventral direction
Hook bone Tuber coxae Side Hook bone 21 rows and columns with the hook
bone as the square center
Pin bone Tuber ischii Rear Pin bone 21 rows and columns with the pin
bone as the square center
Thurl area An area where the Top Vertebral From the vertebral column to the
pelvis connects to column, sacral center of the hook bone and from the
the femur bone ligament lower edge of the sacral ligament to
through the hip joint the end of the body
Spinous Ligament connecting Top Vertebral From the vertebral column to the
processes to the spinous process column, hook center of the hook bone and 11 rows
hook bone and the tuber coxae bone, sacral with the centerline of the sacral
ossis ilium ligament ligament in the center
Cavity between An area between Rear Tail region, pin From the tail head to the pin bone
the tail head the coccyx and tuber bone center and from the top of the tail to
and pin bone ischii in the caudal the pin bone center
region
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Image Processing.
Raw images were processed by using the Image Processing Toolbox in MATLAB (2017b,
MathWorks, Natick, Massachusetts, USA).

Image Rotation and Orthogonal Decomposition. Each raw image provided a depth
map with each image pixel containing a distance measurement from the center of the
camera lens to the projection of the pixel on an object. The specific pixels projected the
body surface of a cow, the floor, other cows in the camera view, or the frame of the image
recording setup.

Because the 3 cameras were mounted at different locations in the image recording
setup, all the images from different cameras were first transformed from their corresponding
camera coordinate systems to that of the image recording setup. The transformation
included rotation and orthogonal decomposition. First, the image was rotated by multiplying
the rotation matrices (Equation 3-1) with the camera-mounting angle about each axis. The
top-view image was rotated 180° about the y-axis and 90° about the z-axis, the side-view
image was rotated 160° about the y-axis and 90° about the z-axis, and the rear-view image
was rotated 160° about the x-axis. Then, the image was orthogonally decomposed into X, Y,
and Z matrices in the image recording setup coordinate system.

1 0 0 cosd, 0 sing, cosd, —sinf, 0
R.(6,)=|0 cosf, -sind, |, R(6,)=| O 1 0 |, R(6.)=|sin6, cos6. 0
0 sind, cos6, —sind, 0 cosd, 0 0 1

(Equation 3-1)

where 6_, Gy, and 6, are the clockwise rotation angles and R (6)), R, (By), and R, (6 )are
the rotation matrices for rotating images about the x-, y-, and z-axes respectively, in 3
dimensions.

Background Subtraction. The background in an image was defined as the pixels that
were not projected onto the body surface of the selected cow. The background included
the floor, the bodies of other cows, and the recording setup frame. Based on the distance
between the camera lens and the pixel projection, these background pixels were removed
from all decomposed matrices to retain only the selected cow body surface. For a top-
view image, the background pixels were identified from the Z matrix with the selection
criteria shown in Equation 3-2. The criteria were determined by estimating the range of
body surface heights of all the cows in top-view images. For side- and rear-view images, the
background pixels were identified from the X and Y matrices, respectively, with the selection
criteria shown in Equation 3-3. After all the background pixels in a matrix were identified,
these pixels were discarded by assigning them a value of zero in the X, Y, and Z matrices.
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_ Cow body surface 1.8m=2Z ,21.0m
“ ' Background 18m<Z, orZ <10m (Equation 3-2)
_ Cowbody surface X, ;= X +SD (X)

Background X, < X +SD (X) (Equation 3-3)

ij

where, ZLJ. is a pixel in the Z matrix, , XU is a pixel in the X matrix, i is the row number of the
matrix, j is the column number of the matrix, X is the average of all the pixels in the X matrix,
and SD (X) is the standard deviation of all the pixel values in the X matrix.

Noise Removal. After background subtraction, the matrix retained some pixels that did
not belong to the cow body surface but had similar pixel values. These pixels were considered
noise and were removed in the following steps. First, a binary matrix was converted from
the Z matrix in the top-view image. The conversion assigned a value of 1 to the pixels of the
cow body surface and a value of zero to the background pixels. Second, the binary image
was processed using the morphological operations of erosion, filling holes, and dilation with
a 7 x 7-pixel disk-shaped structuring element. The operations and the size of the structuring
element were determined by testing different combinations of operations and sizes and
visually inspecting the results for all images of all cows. Third, the binary image was divided
into groups of pixels with a value of 1 that were connected to each other. The size of each
group was determined as the number of connected pixels, and the group with the largest
size was considered the body surface of the cow. The remaining groups were considered
noise and were discarded by assigning a value of zero to each pixel in the groups. Fourth, the
X, Y, and Z matrices were multiplied by the binary matrix to remove noise in all matrices of
the top-view image. Finally, the same procedure was applied to the matrices of the side- and
rear-view images.

Image Interpolation. The X, Y, and Z matrices of each image were combined by
interpolating them into a 2D mesh grid image. For top-view image interpolation, the grid
spacing was 0.005 m in the X and Y directions to guarantee at least 2 pixels in each grid and
each direction for a proper interpolation. The boundaries in the X and Y directions of the
mesh grid were the minimum and maximum values of the X and Y matrices, respectively.
The value of each grid was calculated by triangulation-based linear interpolation of the Z
matrix. This 2D mesh grid image could be viewed as a matrix where the rows and columns
were represented in the X and Y directions of the recording setup coordinate system and
where the size of the matrix element was the same as that of the grid. For side-view image
interpolation, the Y and Z matrices were used to produce the mesh grid, and the X matrix
was interpolated. For rearview image interpolation, the X and Z matrices were used to
produce the mesh grid, and the Y matrix was interpolated.
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Anatomical Landmark Identification

Vertebral Column. The vertebrae form a prominent ridge on the cow’s body surface. In
the lumbar and sacral regions, these vertebrae were viewed as the highest part of the body
surface from the top-view Z matrix. To identify the vertebrae, we selected the highest
element in each row of the matrix as part of the vertebral spinous processes and combined
all these elements as the vertebral column.

Additionally, all the images were standardized because the cows could stand in different
positions in the recording setup. We rotated the body surface of the cow in the x-y plane to
align its vertebral column with the y-axis of the recording setup (Figure 3-3-A). This rotation
procedure included fitting the vertebral column with a linear trend line, calculating the
angle 6 between the trend line and the y-axis, and multiplying the X, Y, and Z matrices by
the rotation matrices with rotation angles 0, 0, and 8 about the x-, y- and z-axes, respectively
(Equation 3-1).

Sacral Ligament. The sacral ligament is a tendon plate that consists of connective
tissues linking the spinous processes and the center of the hook bone. The visible part of the
sacral ligament in the Z matrix was viewed as a group of rows, and the highest row was
designated the centerline of the sacral ligament. To identify the highest row, we halved the
topview Z matrix into left and right regions by the rotated vertebral column. On the right
side of the body, the row with the highest mean was considered the centerline of the sacral
ligament (the solid line in Figure 3-3-A).

Hook Bone. The palpable and visible part of the hook bone is the tuber coxae. When
viewed from above the cow, the tuber coxae prominently extend from the body surface
and are located at the iliac crest of the ilium (i.e., the craniodorsal part of the hook bone).
The highest point on the tuber coxae projected onto the body surface was designated the
center of the hook bone projection and was considered to be located on the centerline of
the sacral ligament. To identify the center of this bone, we selected 20 elements on the
centerline that were the furthest from the vertebral column in the lateral direction. Among
these 20 elements, the one with the largest value was designated the highest point of the
tuber coxae and the center of the hook bone (the dot in Figure 3-3-A).

When viewed from the right side of the cow, the tuber coxae prominently extend in the
lateral direction. The most distal point of the tuber coxae was designated the center of the
hook bone. This point, however, was not the same as the center of the bone from the top
view (i.e., the highest point of the ilium). In the side-view X matrix, this point was designated
the element with the largest value. We selected the row and column with the highest means
and designated their cross element as the center of the hook bone (Figure 3-3-B).

Pin Bone. The palpable and visible part of the pin bone is the tuber ischii. When viewed
from the rear of the cow, this structure prominently extends in the caudal direction. The most
prominent point of the tuber ischii is the caudal point of the ischium, which we designated
the center of the pin bone. In the rear-view Y matrix, this point was designated the element
with the largest value other than the tail. Therefore, to identify the center of the pin bone,
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Figure 3-3. Figure 3. Anatomical landmarks on one side of a cow’s body in different camera-view
images: vertebral column, centerline of the sacral ligament, and hook bone center in a top-view
image after image rotation (A), hook bone center in a side-view image (B), tail region and pin bone
center in a rear-view image (C). The regions of interest (1. spinous processes, 2. spinous to transverse
processes, 3. thurl area, and 4. spinous processes to hook bone) were selected from the top-view
image (D). The regions of interest (5. hook bone and 6. overhanging shelf) were selected from the
side-view image (E). The regions of interest (7. cavity between tail head and pin bone and 8. pin
bone) were selected from the rear-view images (F).

46



Automated Body Condition Scoring of Dairy Cows
using 3-Dimensional Feature Extraction from Multiple Body Regions

we first identified the tail region by selecting the column with the highest mean and its 5
adjacent columns on both the left and right sides and excluded them from the matrix. Then,
the row and column with the highest means were selected on the right half of the matrix,
and their cross element was designated the center of the pin bone (Figure 3-3-C).

Feature Extraction

After identifying anatomical landmarks, we measured the bony prominence or the body
surface depression around these landmarks and defined those morphological measures as
the body-condition-related feature extraction. Within each body region, a rectangular area
was selected and defined as a region of interest (ROI). The size of the ROl was determined as
the distance between the anatomical landmarks located in this ROIl. When only 1 anatomical
landmark was presented, the size was determined by estimating the maximum size of the
ROIs of all cows. The detailed ROI selections are shown in Figure 3-3-D, E, and F for 3 camera
views and the selection criteria are listed in Table 3-1. The ROl was designated a matrix, and
its averaged row was designated the average cross-sectional contour line of the ROl in the
mediolateral direction for the top- and rear-view images and in the craniocaudal direction
for the side-view images. The shape of the average contour line was then quantified as a
bodycondition-related feature.

Spinous Processes. The bony prominences of the spinous processes were represented
by the shape of the average contour line. This contour line was fitted with a second-degree
polynomial regression line (Figure 3-4-A) based on Equation 3-4. The coefficient B, was
always negative because the spinous process was in the middle and always higher than
the rest of the parts on the contour line. Additionally, the absolute value of the coefficient
B, determined the sharpness of the contour line. For an obese cow, the spinous processes
were less prominent and the contour line was rounder than for a lean cow. Moreover, the
absolute value of the coefficient B, was less than the 1 from a lean cow. Thus, B, was defined
as the spinous process feature.

Y=By +B-x+B,- X (Equation 3-4)

where B, B, , and B, are the coefficients of the second-degree polynomial regression line
and x and y are the coordinates of the points on the average contour line.

Spinous to Transverse Processes. The amount of subcutaneous fat accumulated above
the transverse processes was represented by the shape of the average contour line (the solid
line in Figure 3-4-B). To quantify this shape, we first drew a straight line (the dashed line in
Figure 3-4-B) to connect the 2 ends of the contour line. The height differences between pairs
of corresponding points on the 2 lines were averaged and defined as the feature of the area
between the spinous and transverse processes.

Thurl Area. The centerline of the thurl area in the medio-lateral direction was designated
the average contour line of the ROI. The inclination of the contour line represented the
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Figure 3-4. Three examples of automated feature extractions: second-degree polynomial fit of the
average cross-sectional contour of the spinous processes (A), the average height difference between
the spinous and transverse processes (B), and the slope of the centerline of the thurl area (C).

amount of subcutaneous fat accumulated in the area where the pelvis connects to the
femur bone through the hip joint. This inclination was quantified by fitting the contour
line to a linear regression line (Figure 3-4-C) based on Equation 3-5. For an obese cow, a
great amount of subcutaneous fat was accumulated on the thurl area, which caused minor
inclination of the contour line. For a lean cow, little or no subcutaneous fat was accumulated
on the thurl area, which caused a great inclination of the contour line. The coefficient B, was
the slope of the regression line and defined as the thurl area feature.

y=B,+B -x (Equation 3-5)

where B, and B, are the coefficients of the linear regression line and x and y are the
coordinates of the points on the average contour line.
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Spinous Processes to Hook Bone. The amount of subcutaneous fat accumulated in the
sacral ligament area was represented by the shape of the average contour line. This shape
was quantified as the height difference between the hook bone center and the mean of
the contour line. This height difference was defined as the feature of the area between the
spinous processes and the hook bone.

Hook Bone. The bony prominence of the tuber coxae was represented by the shape of
the average contour line. This shape was quantified using the same procedure as that for the
spinous processes by fitting the contour line with a second-degree polynomial regression
line based on Equation 3-4. The absolute value of the coefficient B, was defined as the hook
bone feature.

Pin Bone. The shape of the average contour line was quantified using the same
procedure as that for the hook bone based on Equation 3-4, and the absolute value of the
coefficient B, was defined as the pin bone feature.

Overhanging Shelf. Around the overhanging shelf, the bony prominence of the
overhanging shelf was represented by the shape of the average contour line. Similar to the
spinous to transverse processes, this shape was quantified by calculating the height
difference between the hook bone center and the mean of the contour line from the side
view. This height difference was defined as the overhanging shelf feature.

The cavity between Tail Head and Pin Bone. The amount of subcutaneous fat
accumulated in the cavity between the tail head and pin bone was represented by the shape
of the average contour line. This shape was quantified by calculating the largest height
difference between the pin bone center and the mean of the contour line from the rear
view. The height difference was defined as the feature of the cavity between the tail head
and pin bone.

Statistical Analysis

Intra- and Inter-Assessor Agreement and Correlation for Manual Body Condition
Scoring. The quality of manual body condition scoring of the 2 assessors was quantified by
the scoring agreement Cohen’s kappa (k) and the scoring correlation coefficient Spearman’s
rho (p). The agreement of a scoring is defined as the identical half-point BCS that is assigned
in a pair of scorings. Cohen’s k measures the pairwise agreement of 2 assessors or 1 assessor
across 2 days, including the possibility of agreement occurring by chance. The interpretation
of the k value was the one used in the study of Altman (1990). Spearman’s p is a pairwise
rank correlation coefficient and is defined as the statistical dependence between the
rankings of 2 manual scores without interference from the systematic scoring difference.
The p value ranges from 1 (i.e., a pair set of scores with identical ranks) to -1 (i.e., a pair set
of scores with completely opposite ranks). Both k and p values were calculated for intra-
assessor comparison of each assessor’s scores between days 1 and 2, and for inter-assessor
comparison of the twoday average scores between assessor 1 and assessor 2.
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Test-Retest Reliability of Automated Feature Extraction. Test-retest reliability of feature
extraction is used to quantify the closeness of the results of successive extractions over
2 days performed under the same conditions. For each feature, test-retest reliability was
assessed by calculating Pearson’s correlation coefficient (r) of this feature across all the cows
guantified between days 1 and 2. On each day, this feature of each cow was the average of
the extractions from the 5 images.

Correlation between Manual BCS and Features. For each body region, the correlation
between the manual BCS and the automatically extracted feature on each day was quantified
by the pairwise rank correlation coefficient Spearman’s p. For each cow, a feature was the
average of the extractions from the 5 images of 1 day, and the manual BCS was the average
of the scores assigned by the 2 assessors on the same day.

Half-point Overall BCS classification. The overall BCS of a cow was classified with a
k-nearest (k = 1) neighbor classification model. The inputs of the model were 8 automatically
extracted features, and each feature of a cow was the average of the extractions from the 5
images. The reference of the model was the average of the manual BCSs assigned by both
ssessors on that day. The model with 8 features as inputs was defined as the full model.

To test this model, we built a dataset of 88 samples including the data of all 44 cows
from 2 days. The model was tested on this dataset using a 10-fold cross-validation. In each
iteration of the cross-validation, 90% of the samples were used to train the model and 10%
were used to test the model. For each testing sample, the model assigned a half-point BCS
from the reference BCS of its closest neighbor sample in distance in the training dataset.
The distance between these 2 samples was the normalized Euclidean distance calculated in
a Euclidean 8-space with all 8 inputs of a sample as the Cartesian coordinates.

After cross-validation, all the samples had a model classified half-point BCS and a
reference BCS from manual scoring. The samples were divided into 9 half-point BCS classes
anging from 1.0 to 5.0, where all the samples with the same reference half-point BCSs were
in 1 class. For each class, the samples with the model-classified BCS being identical to the
reference BCS were defined as true positives (TP) and the samples with the model-classified
BCS different from the reference BCS were defined as false negatives (FN). The quality of
the model classification in this reference BCS class was tested by the sensitivity, which was
defined as the fraction of the number of TPs over the number of all the cows with the same
reference BCS in this class and calculated based on Equation 3-6:

Sensitivity, = _Th (Equation 3-6)
TP, + FN,

where g is a half-point reference BCS that all the samples have in 1 class, Sensitivity_ is the

sensitivity of the model classification in the class with reference BCS equal to q, TP is the

number of samples with both model classified and reference BCS equal to g, and FNis the
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number of samples with the reference BCS equal to q and model classified BCS different
from g. Moreover, the overall sensitivity of the nearest neighbor classification model was
calculated by averaging the sensitivity of all the half-point BCS classes.

For comparison with the full model, we built another nearest neighbor classification
model with inputs of features extracted from body regions of the spinous processes, hook
bone, pin bone, and the cavity between the tail head and pin bone. These body regions
have been used in other studies to automated body condition scoring using machine vision.
This model with 4 features as inputs was defined as the partial model. This model was also
validated by a 10-fold cross-validation and tested by calculating the sensitivity of each half-
point BCS class.

3.3 Results

We compared the intra- and inter-assessor agreements and correlation coefficients of
the manual body condition scoring of the 2 assessors (Table 3-2). Assessor 1 scored 8 of 9
body regions, including the overall BCS, with a moderate intra-assessor agreement (i.e., K
values between 0.40 and 0.59). Assessor 2 scored 3 body regions, including the overall BCS,
with a good intra-assessor agreement (i.e., k values between 0.60 and 0.79) and 5 body
regions with a moderate intra-assessor agreement. Both assessors scored the body region
of the spinous processes to the hook bone with the lowest k value compared with the rest
of the body regions. In comparing the 2 assessors, 2 of 9 body regions were scored with
a moderate inter-assessor agreement, 6 of 9 body regions were scored with a fair inter-
assessor agreement (i.e., k values between 0.20 and 0.39), and the overall BCS was scored
with a moderate inter-assessor agreement (k = 0.48, P < 0.001). Additionally, both assessors
scored 8 of 9 body regions, including the overall BCS, with high intra- and inter-assessor
correlation coefficients (i.e., p > 0.90). The body region with the lowest intra- and inter-
assessor p values was the overhanging shelf. In addition, the result of test-retest reliability of
the automated feature extraction was the Pearson’s correlation coefficient between days 1
and 2 for the indicated feature (Table 3-2). Among all features, 7 of 8 were extracted with a
Pearson’s r value greater than 0.90 (P < 0.001), and the overhanging shelf feature extraction
had the lowest r value of 0.89 (P < 0.001).

The correlations between the body features and the manual BCSs were quantified with
Spearman’s p (Table 3-3). The p values calculated for the manual BCSs of the corresponding
body regions were similar to the overall BCS. A comparison of the p values in all body regions
revealed that the spinous processes had the highest absolute p values for both the manual
BCSs of this body region (0.89, P < 0.001) and the overall BCS (0.90, P < 0.001). In contrast,
the thurl area had the lowest absolute p values for both the manual BCS of this body region
(0.69, P < 0.001) and the overall BCS (0.72, P < 0.001).

The correlations between the features and the manual BCSs of their corresponding
body regions are presented in Figure 3-5. The spinous process feature had almost equal
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Table 3-4. A confusion matrix1 with the numbers of samples classified in half-point BCS classes
resulting from the k-nearest neighbor (k = 1) body condition score (BCS) classification model with
all 8 features as inputs (i.e., the full model)

Model classified BCS

Manual

BCS 1.0 1.5 2.0 25 3.0 3.5 4.0 4.5 5.0 Total Sensitivity
1.0 2 2 1
1.5 7 4 11 0.64
2.0 3 8 11 0.73
2.5 12 4 16 0.75
3.0 2 9 2 1 14 0.64
3.5 3 6 2 11 0.55
4.0 1 1 8 10 0.85
45 2 11 13 0.85
5.0

' An empty cell indicates no cows.

Table 3-5. A confusion matrix1 with the numbers of samples classified in half-point BCS classes
resulting from the k-nearest neighbor (k = 1) body condition score (BCS) classification model with
features of spinous processes, hook bone, pin bone, and the cavity between the tail head to pin (i.e.,

the partial model)

Model classified BCS

Manual

BCS 1.0 1.5 2.0 25 3.0 3.5 4.0 4.5 5.0 Total Sensitivity
1.0 2 2 1
15 8 2 1 11 0.73
2.0 2 9 11 0.82
2.5 12 4 16 0.75
3.0 4 6 4 0 14 0.43
35 4 6 1 11 0.55
4.0 2 1 6 1 10 0.60
4.5 1 1 11 13 0.85
5.0

' An empty cell indicates no cows.
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average values for the cows in the half-point BCS classes from 3.5 to 5.0. This feature varied
less for the obese cows than for the lean cows. A similar trend was found for the pin bone
feature. In contrast, the hook bone feature had almost equal average values for the cows
in the half-point BCS classes from 1.0 to 2.0. This feature varied less for the lean cows than
for the obese cows. A similar trend was also found for the feature of the spinous processes
to the hook bone. For the feature of the spinous to transverse processes, cows could be
classified into 3 main groups: those within the half-point BCS classes from 1.0 to 2.5, those
with the half-point BCS class 3.0, and those within the half-point BCS classes from 3.5 to 5.0.

The results of half-point overall BCS classification using nearest neighbor classification
models are the numbers of cows in the confusion matrix. The full model included all
8 features as inputs and the overall manual BCS as a reference. After the 10-fold cross-
validation, this model yielded an overall sensitivity of 0.72 for all the samples in all the
half-point BCS classes. In the confusion matrix (Table 3-4), the highest sensitivity was 1 for
half-point BCS class 1.0, and the lowest sensitivity was 0.55 for half-point BCS class 3.5. The
partial model included only the features of the spinous processes, hook bone, pin bone, and
tail head to pin bone as inputs and the overall manual BCS as a reference. After the 10-fold
cross-validation, the partial model yielded an overall sensitivity of 0.68 for all the samples in
all the half-point BCS classes. In the confusion matrix (Table 3-5), the highest sensitivity was
1 for half-point BCS class 1.0, and the lowest sensitivity was 0.43 for half-point BCS class 3.0.

3.4 Discussion

Improvement of Automated BCS Classification

This study aimed to improve the automated BCS classification by expanding the inclusion of
the body-condition-related features extracted from multiple body regions using 3D cameras.
The validation results of the BCS classification model with 8 features (i.e., the full model)
were compared to the results reported in previous 2D and 3D vision-based studies and the
results of our partial model with 4 features.

First, our full model yielded a BCS classification sensitivity of 0.72. This classification
sensitivity is greater than that reported by Bercovich et al. (2013), who used 2D vision to
quantify the bony prominences on the body contour and obtained a sensitivity of 0.53.
The differences between our results and those of Bercovich et al. (2013) demonstrate 2
limitations of classifying BCSs using 2D vision. The first limitation is related to the assessed
body regions. Studies using 2D vision aimed to extract the 2D body contour and to quantify
the bony prominences of the hook bones, pin bones, and tail head. The surfaces of many
body regions that are related to the BCS, however, cannot be quantified or included in BCS
classification. The reason is that these surfaces are not located on the body contour, and
thus the surface depression cannot be recorded in the 2D images. The lack of sufficient BCS-
related information caused the low sensitivity of the BCS classification using 2D vision. The
second limitation is related to the bony prominences quantification from the body contours
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projected onto a 2D plane. The body contour varies in the 2D plane when a cow’s posture
varies, which can introduce extra measurement variation in the features extracted from
fixed-position cameras and reduce the sensitivity of the BCS classification. To address these
limitations of 2D vision, we recommend using 3D vision to extract body-condition-related
features for BCS classification.

Second, we evaluated the BCS classification model by calculating the sensitivity of the
classification. Different from our statistical analysis, previous 3D vision-based studies chose
regression models to predict BCS and calculated the mean absolute error (MAE) between the
model outputs and reference of all their samples. Considering BCS as an ordinal variable, the
classification sensitivity should be the valid statistical measure instead of the MAE. However,
to be able to compare our BCS classification performance to those of other studies, we have
to calculate the MAE of our full model as well. Our full model yielded an MAE of 0.15 BCS
units, which is less than the MAE of 0.28 BCS units reported by Fischer et al. (2015), 0.26
BCS unit reported by Spoliansky et al. (2016), and 0.21 BCS unit reported by Hansen et al.
(2018). These error differences may be due to the differences in the body regions used to
extract features. Previous 3D vision-based studies recorded and analyzed cow body surfaces
from the top view with only 1 3D camera. In top-view images, however, some important
body regions are not completely visible, such as the overhanging shelf, hook bone, pin
bone, and the cavity between the tail head and pin bone. Hence, features representing
these body regions were neither extracted from these body regions nor included in the
BCS classification. In contrast to the top-view recording, the body prominences and surface
depressions in these regions are more visible from either the side or rear of a cow’s body.
Therefore, to improve the current 3D vision-based BCS classification, features should be
retrieved from more than 1 camera placed
at different viewpoints.

Finally, the discrepancy in the results between our study (i.e., the full model) and
previous studies may also be due to the different models selected. We selected a classification
model because BCS is defined as an ordinal variable. The appropriateness of defining BCS
as an ordinal variable can be observed in the boxplots (Figure 3-5), which show a variety
of correlations between different features and manual BCSs. Previous studies, however,
considered BCS a continuous variable and selected linear regression models to predict
BCS. The model selections cause the results to incorrectly represent the BCS-predictive
abilities of the extracted features. Therefore, it is not accurate to directly compare the BCS
classification results among studies. For a valid comparison, we used the partial model
to simulate the BCS classification by limiting the selection of the assessed body regions
in the current machine vision-based studies. The partial BCS classification model yielded
lower sensitivity than what was achieved with our full model including features in 8 body
regions. The difference in BCS classification sensitivity between the full and partial models
demonstrates the improvement in BCS classification when features are extracted in multiple
body regions.
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Multiple 3D Camera System

To capture the BCS-related information that cannot be captured by using a single 3D camera,
we chose to use multiple 3D cameras in this study. The use of multiple cameras can improve
the BCS classification because they mimic human assessors evaluating different body
regions of a cow from different views. This multi-camera approach to cow morphological
measurements and feature extraction is consistent with studies by Guo et al. (2017) and
Salau et al. (2017). Moreover, during our data collection, images from different cameras
were recorded 1 at a time to prevent inter-camera interference. We also minimized the time
that the cows were required to stand in the recording setup by recording only 5 images per
camera per cow. The total recording time for 1 cow was approximately 1 minute, including
the time spent for initializing the cameras and saving the recorded images. During the one-
minute image recording, the cow could still move in the setup, which can influence the
quality of the image and feature extraction. In future studies, new types of 3D cameras
without inter-camera interference should be used for simultaneous image recording by
multiple cameras, which will significantly reduce the recording time and improve the quality
of feature extraction.

Cow Selection Influencing the Sensitivity of the BCS Classification
The design of this study included the selection of cows that could contribute to a
heterogeneous dataset with evenly distributed BCSs in the samples. Our cow selection plan
differed from those of previous studies, which collected homogeneous datasets of all the
cows in a herd. Depending on the herd, the number of cows in different BCS classes can vary
substantially. For the underrepresented BCS classes (i.e., less than 2.0 units or greater than
4.0 units), the sensitivities of the BCS classification can be biased. To prevent inducing a
sensitivity bias, we built the dataset with the numbers of cows evenly distributed in the BCS
classes ranging from 1.5 to 4.5. Hence, the sensitivities of the classification for BCS classes
1.5 and 4.5 were more reliable than the ones calculated from the homogeneous datasets.
Nevertheless, our study had fewer cows with extreme BCS values. There was only 1 cow
with a BCS of 1.0 unit and no cow with a BCS of 5.0 units in the dataset. Although lacking
cows with extreme BCS values is common on commercial farms, we must employ sufficient
samples with extreme BCS values in future studies because cows in those less-represented
BCS classes are also the ones that need extra attention in farm management.

Additionally, most of the selected cows in this study were Holstein Friesian cows
(n = 33) with BCSs ranging from 1.0 to 3.5. It was difficult to find many obese Holstein
Friesian cows to contribute to an evenly distributed BCS dataset. Therefore, we chose a farm
with Simmental cows and selected 11 cows with BCSs ranging from 3.5 to 4.5. By including 2
breeds in the dataset, we created a breed variance in the BCS class of 3.5 units. We assumed
the breed variance caused the lowest classification sensitivity (i.e., 0.55) on the BCS class of
3.5. Hence, we recommended including breed variance in future BCS classification models
or building a breed-specific body condition scoring system.
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Quality of Manual Body Condition Scoring

The 2 assessors in this study were trained together by an expert using a detailed protocol for
manual body condition scoring. We found that the inter-assessor agreement for the overall
BCS was moderate, and the correlation coefficient reached 0.95, which is greater than the
value found in a study by Halachmi (2013). Additionally, we found the same trend of a
moderate agreement with a high-rank correlation coefficient for the intra-assessor scoring
of both assessors. Therefore, the quality of the overall BCSs assigned by our 2 assessors was
acceptable. However, their scoring agreement and rank correlation coefficient indicated the
presence of systematic differences in their scoring, which were reduced by averaging the
BCSs of the 2 assessors in our study. The use of 2 assessors for reference BCSs was consistent
with the recommendation of Morin et al. (2017), who stated that more than 1 assessor
should be used to obtain accurate BCSs.

Future Work

This cross-sectional study is an intermediate step towards a fully automated system that can
continuously measure dynamic variations in body fat reserves of cows. In this step, we aimed
to find body features, which were highly correlated with body condition. The manual BCS
was used as the reference of this study because alternative solutions (e.g. ultrasonography)
were not feasible to offer a comprehensive fat measurement on all the body regions we
needed. The manual BCS, however, is an ordinal variable and its smallest increment is 0.25
BCS units (Edmonson et al., 1989). Furthermore, we had an increment of 0.5 BCS units
based on the scoring abilities of our assessors. When an automated BCS classification uses
manual BCS as a reference, the automated method is limited and cannot detect any BCS
variation less than the increment of its reference. The automatically extracted features used
in the automated classification, however, are continuous variables and can continuously
represent body condition variations in different body regions without the limitation of the
manual scoring increment. Therefore, in future work, we suggest conducting longitudinal
studies focusing on detecting the variations of the body features found in this study. These
variations are continuous variable and can be an important health indicator of dairy cows.

3.5 Conclusions
This study used BCSasan ordinal variable and included all the extracted features from multiple

3D cameras in a BCS classification model. We increased the sensitivity of BCS classification
compared to thatreported for current machine vision-based body condition scoring methods.
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Reticulo-ruminal motility is a well-established indicator of gastrointestinal
health in dairy cows. The currently available methods to assess this motility
are labor-intensive, costly, and impractical to use regularly on all cows on a
farm. We hypothesized that the reticulo-ruminal motility of dairy cows can be
assessed automatically and remotely by using a low cost 3-dimensional (3D)
camera. In this study, a 3D vision system was constructed and mounted on the
frame of an automatic milking robot to capture the left paralumbar fossa
of 20 primiparous cows individually. For each cow, the system recorded 3D
images at 30 frames per second during the milking process. Each image was
automatically processed to locate the region of the left paralumbar fossa and
to quantify the average concavity in the region. The average concavity values
from all images of 1 cow during 1 milking process were chronologically
assembled to form an undulation signal. By applying a fast Fourier
transformation to the signal, we identified cyclic oscillations in the signal that
occurred in the same frequency range as the reticulo-ruminal contractions. To
validate the oscillation identification, 2 trained assessors visually identified the
reticulo-ruminal contractions from the same 3D image recordings on screen.
The matching sensitivity between the automatically identified oscillations
and manually identified reticuloruminal contractions was 0.97. In conclusion,
the 3D vision system can automate the assessment of the reticulo-ruminal
motility of dairy cows. It is non-invasive and can be implemented on farms
without distressing cows. This automated system is a promising tool for
farmers to obtain regular information about the gastrointestinal health status
of individual cows and can help them in their daily farm management.

Key words: dairy cattle, automatic, ruminal motility, 3D camera



Automated Assessment of Reticulo-Ruminal Motility in Dairy Cows using 3-Dimensional Vision

4.1 Introduction

The reticulo-rumen is the first chamber in a dairy cow’s gastrointestinal tract. It provides an
anaerobic environment for the microbial fermentation of ingesta and ensures a consistent
flow of ingesta in the gastrointestinal tract through its cyclic contractions (Hungate, 1966).
The reticuloruminal contractions comprise 2 parts: a primary contraction starting from the
reticulum and passing across the rumen to mix and circulate ingesta for rumination and
digestion and a secondary contraction occurring only inthe rumen for eructation (Ruckebusch
and Thivend, 1980). The strength and duration of reticulo-ruminal contractions are positively
correlated with the amount of ingesta in the reticulo-rumen, whereas the frequency of the
contractions indicates the digestive ability and health of the reticulo-rumen (Ruckebusch
and Thivend, 1980). In a healthy cow, the contractions occur approximately 1 to 3 times per
minute, with a high frequency during feeding and a low frequency during rest (Ruckebusch
and Thivend, 1980). When a cow suffers certain diseases, such as ruminal acidosis, tympany,
or endotoxemia, its reticulo-ruminal motility can be inhibited or even ceased because of
the rumen distension or the increased ruminal volatile fatty acid (Meyer and Bryant, 2017).
Hence, reticulo-ruminal motility is a well-established indicator of gastrointestinal health in
dairy cows.

Reticulo-ruminal motility is often examined by veterinarians via simultaneous
auscultation and palpation on the left paralumbar fossa (Ruckebusch and Thivend, 1980).
This examination is only performed when a cow shows certain clinical symptoms and is
not applied for routine health assessment. The examination of all cows on a farm by
veterinarians is time-consuming and hence costly to perform. Braun et al. (2018) combined
ultrasonographic and radiographic rumen scanning to shorten the physical examination
time. However, similar to the manual examination, this technique is impractical and costly
for regular application on cows.

A recent study used a low-cost 3-dimensional (3D) camera to automatically quantify the
concavity of certain body surfaces of a dairy cow from a single image (Song et al., 2019a). Such
a non-invasive technique has the potential to quantify the changes in concavity over time
from a sequence of images in a video. An example of changes in concavity is the undulation
of the left paralumbar fossa, which represents the reticulo-ruminal contractions. We
hypothesized that the reticulo-ruminal motility of dairy cows can be assessed automatically
and remotely by quantifying the undulation of the left paralumbar fossa using a low-cost 3D
camera.

4.2 3D Vision System
A 3D vision system was designed to capture the morphology of a cow’s left paralumbar fossa.

The system comprised a 3D depth camera (Realsense D415, Intel, Santa Clara, California,
USA) connected to and controlled by a recording computer through a USB 3.0 port. The
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camera had a depth detection, an output resolution of 1280 x 720 pixels, and field-of-view
angles of 69° x 43° x 77° (horizontal x vertical x diagonal). The camera was mounted on the
left fence of an automatic milking robot (AMS, Astronaut A5, Lely Industries N.V., Maassluis,
The Netherlands), the arm of which approached the cow from the right side of its body. The
camera captured the view of the left paralumbar fossa of a cow in the AMS from above at a
30° angle to the horizontal plane (Figure 4-1). This 3D vision system was installed 1 month
prior to data collection to habituate cows to the hardware changes in the AMS.

Side Front
g Camera Camera
30°
Tips of
Last Paralumbar transverse Hook Cord of
rib fossa processes bone the flank

Figure 4-1. The mounting positions and angles of the 3-dimensional camera used to view the cow’s
left paralumbar fossa. The camera was mounted at least 0.9 meters away from the center of the cow
in the X direction to guarantee a complete view of the left paralumbar fossa. In addition, the camera
was mounted 1.7 m above the floor at a 30° angle to the horizontal plane.

4.3 Data Collection

Twenty primiparous cows (Holstein x Swiss-Brown) at 1 to 200 days in milk from 1 herd
were recorded once with the vision system on a Dutch commercial farm on 28 June 2018
from 1100 to 1600 h. On that day, each cow was fed approximately 40 kg of fresh feed
consisting of grass, maize, hay, and barley with a feed ration of 5:3:1:1 on a wet basis. The
feed was supplied 4 times at 0400, 1000, 1600, and 2200 h by an automatic feeding robot
(Vector, Lely Industries N.V.). The cows were also fed concentrate in the AMS. The amount
of concentrate provided to each cow was determined based on its lactation stage and milk
yield of the previous day. Among the 20 cows, the average amount of concentrate provided
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during image recording was 2.4 kg, with a minimum of 0.7 kg, a maximum of 3.0 kg, and an
SD of 0.5 kg.

When a cow entered the AMS and the milking process started, the AMS sent a digital
signal to the recording computer to activate the 3D camera to take depth images at 30
frames per second. When the first teat cup detached from the cow, the AMS sent another
signal to stop the recording. Among the 20 cows, the average image recording time was
4.3 minutes, with a minimum of 1.8 minutes, a maximum of 7.0 minutes, and an SD of 1.4
minutes. After the cow leaving from the robot, the recorded data, including all captured
3D depth images, cow identification number, and time of the recording, was saved on the
computer.

4.4 Image Processing

The 3D camera captured a cow’s body surface in raw depth images. Each image was a
point cloud with a resolution of 1280 x 720 pixels. The depth value of each point was a 3D
distance measured from the center of the camera lens to the projection of the point on the
cow’s body surface. Each image was processed by using an image processing script that we
developed in MATLAB (2018b, MathWorks, Natick, Massachusetts, USA).

1. We downsized each point cloud to a resolution of 128 x 72 pixels to increase the
image processing speed. The downsizing method was a bi-cubic interpolation in which each
output point was the weighted average of all the points in the nearest 4-by-4 neighborhood
surface area from the original point cloud.

2.Thedownsized point cloud, containing 3D depth values, was orthogonally decomposed
to X, Y and Z coordinates. Thereafter, the X, Y, and Z coordinates were converted to a same-
size matrix containing the estimated surface curvatures to represent the geometry of the
point cloud (Figure 4-2). This conversion was based on the procedure of ‘estimating surface
normal and curvature in a point cloud’ described by Rusu (2009). In the conversion, each
point (p) of the downsized point cloud was selected as a center point of a plane. This plane
was fitted by p and its 9 nearest neighbors with the shortest 3D Euclidean distance calculated
based on the X, Y, and Z coordinates. On each 10-point fitted plane, a normal vector that
was perpendicular to the plane was determined for each of the 10 points. Thereafter, the
absolute length variance of these 10 normal vectors was calculated as the approximation of
the surface curvature around the selected point p. A matrix containing the estimated surface
curvatures of all the points in the downsized point cloud was constructed and defined as the
curvature matrix.

3. From the curvature matrix of the first recorded image of the first recorded cow in
the AMS, we manually selected a template that included the cow’s last rib, transverse
processes, and part of the left paralumbar fossa between these 2 bones. This template was
a square, with the top of the cow’s last rib as its upper left vertex (Figure 4-2). The square
side length was set at half the distance between the top of the last rib and the hook bone
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Figure 4-2. An example of the downsized point cloud containing the estimated surface curvatures
of all the points used to represent the geometry of a cow’s left paralumbar fossa. The point cloud
recorded the left paralumbar fossa and surrounding outstanding bone landmarks. A square
template was manually fitted with its upper left vertex at the top of the cow’s last rib. The square
side length was set as half the distance between the top of the last rib and the hook bone center.
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Figure 4-3. Signal processing using fast Fourier transformation to extract the reticulo-ruminal
contractions of a cow. The solid line is a raw signal that was formed by chronologically assembling
the average surface curvatures of the left paralumbar fossa over time. The dotted line is the
filtered signal resulting from fast Fourier transformation filtering of only the information within the
frequency range (0.017 to 0.050 Hz) of the reticulo-ruminal contractions. The dots on the dotted
line are the local maxima identified using the ‘findpeaks’ function in MATLAB (2018b, MathWorks,
Natick, Massachusetts, USA). Examples of cow motion artifacts, image noise, and a false negative
are labeled on the raw signal.
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center. The template overlaid a body region with unique morphological features and was
used to consistently locate the same region on all cows.

4. The template was matched to each subsequent curvature matrix. This matching
was quantified by a normalized two-dimensional cross-correlation between the template
and any region of the same size as the template (Taylor et al., 2015). The region showing
the highest crosscorrelation with the template was then labeled as the matched region of
interest (ROI). This ROI had the greatest morphological similarity to the template among all
the regions and contained the morphological feature of the left paralumbar fossa. Hence,
we considered the ROl in the curvature matrix overlying the left paralumbar fossa, and the
concavity of the ROl was quantified by averaging the estimated surface curvatures of all the
points in the ROI.

4.5 Signal Processing

We chronologically assembled the surface concavity of the ROI from all the images of >
1 recording to form a raw signal (solid line in Figure 4-3). The raw signal had a sampling
frequency (i.e. image recording speed) of 30 Hz and contained oscillations that potentially
denoted reticuloruminal contractions. This raw signal also contained noise caused by
cow motion artifacts and the unstable illumination around the 3D camera. Examples are
shown in Figure 4-3. We assumed that different components in the raw signal varied in
their frequency of occurrences. Hence, frequency analysis was applied to remove the noise
from the potential signal of interest. We applied the discrete fast Fourier transformation to
convert the raw signal from its time domain to a representation in the frequency domain.
Based on the study of Ruckebusch and Thivend (1980), we assumed the reticulo-ruminal
contractions occurred 1 to 3 times per minute and the contractions ranged in frequency
from 0.017 to 0.050 Hz. Hence, we filtered the frequency-domain representation to only
retain the information within the frequency range of the reticulo-ruminal contractions.
Within this range, the frequency with the greatest amplitude was considered to denote the
reticulo-ruminal contraction frequency.

Thereafter, the filtered signal was inversed to the time domain (dotted line in
Figure 4-3). From the filtered signal, local maxima (dots on the dotted line in Figure 4-3)
were identified using the ‘findpeaks’ function in MATLAB (2018b). These local maxima
were defined as any point with a value higher than the values of its 2 neighboring points
in the signal. We considered each local maximum as the moment when the reticulo-rumen
inflated to its maximum in a contraction. Then, the filtered signal between 2 local maxima
was identified and considered a complete cycle of reticulo-ruminal contraction.
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4.6 Validation of the Automated Reticulo-Ruminal Contraction Identification

Ideally, the automated identification of the reticulo-ruminal contractions would be validated
by simultaneous palpation on the left paralumbar fossa of a cow while the contractions were
being recorded. However, because such palpation would block the view of the camera, this
real-time validation was not feasible. Hence, we used the visual identification of reticulo-
ruminal contractions from the recorded 3D images for post-recording validation. Two
assessors with experience in machine vision were trained by a veterinarian regarding the
morphological changes of the left paralumbar fossa during the reticulo-ruminal contraction.
Thereafter, the assessors independently observed the undulation on the left paralumbar
fossa from a video, which was constructed from the chronological sequence of 3D images of 1
cow during 1 milking process. When an assessor identified an upward wave pattern from the
left paralumbar fossa, he recorded the time in the video as the occurrence time. A reticulo-
ruminal contraction was only confirmed when both assessors independently identified the
contraction and the time difference between their recorded times of occurrence was less
than 4 seconds. In total, the 2 assessors agreed on 261 and disagreed on 11 contraction
identifications.

For each visually identified reticulo-ruminal contraction, we defined a time frame
of 3 seconds before and after the averaged occurrence time from the 2 assessors. This
time frame was used to compare the time of the automatically identified local maxima
to the visually identified time of occurrence. When a local maximum was automatically
identified within the time frame of a visually identified contraction, the case was identified
as a true positive. When no local maximum was automatically identified within the time
frame, the case was identified as a false negative. Moreover, any automatically identified
local maximum without a matched visually identified contraction was identified as a false
positive. The matching sensitivity (i.e. the number of true positives divided by the number
of visually identified reticulo-ruminal contractions) and positive predictive value (i.e. the
number of true positives divided by the number of automatically identified local maxima)
were then calculated as the validation results of the automated identification.

Among the videos of the 20 cows, 261 reticulo-ruminal contractions were visually
identified by both assessors, whereas 259 local maxima were automatically identified
by image and signal processing. With the visual identifications used as the reference,
the automated identification produced 253 true positives, 8 false negatives, and 6 false
positives. All 8 false negatives were produced due to technical complications of the signal
processing. In half of the false negatives, the image recording started at approximately the
time when the rumen inflated to its maximum. The assessors identified the contraction in
retrospect; however, the signal processing failed to identify the contraction because the
signal did not completely oscillate. In the remaining half of the false negatives, the signal
processing missed those contractions that were short in time and that was immediately
followed by a new contraction. An example is shown in Figure 4-3. These visually identified
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contractions were considered as incomplete contractions. Additionally, we found that all
the false positives involved cases in which the assessors were unable to detect the reticulo-
ruminal contractions from the video. In 4 cases, the reticulo-rumen was fully filled and the
video showed only small variations in the concavity of the left paralumbar fossa. Hence,
the assessors had difficulty observing changes in the cow’s body surface from the video
and failed to identify the reticulo-ruminal contractions. The other 2 false positives were
caused by motion artifacts due to the rapid movement of the cows during image recording.
The motion artifacts did not allow the assessors to clearly locate the left paralumbar fossa
or to identify the reticulo-ruminal contractions. Among the 261 visually identified reticulo-
ruminal contractions, 253 contractions were identified within the time frame by the
automated system, yielding a matching sensitivity of 0.97 and a positive predictive value
of 0.98. The results indicated that the 3D vision-based automated identification of the
reticulo-ruminal contractions performed similarly to the reference manual identification.

4.7 Reticulo-Ruminal Motility in the AMS

Across the 20 cows, the average frequency of the automatically identified reticulo-ruminal
contractions was 3.1 times per minute (SD = 0.28 times per minute), with a minimum of 2.4
times per minute and a maximum of 3.4 times per minute. This contraction frequency is
in the upperfrequency range for normal cows. This relatively high level of reticulo-ruminal
motility in the AMS likely reflects the cows’ consumption of the concentrate because feeding
increases cow reticulo-ruminal motility as described by Ruckebusch and Thivend (1980).

The 20 studied cows were also examined via rumen palpation by a trained assessor
immediately after the 3D recording. This palpation was conducted in a passage that
connected to the exit of the AMS and where a cow remained for 2 minutes with concentrate
offered. The assessor placed a hand on the left paralumbar fossa of the cow and counted
the number of contractions for 2 minutes. Across the 20 cows, the average frequency of the
contractions identified by palpation was 2.4 times per minute (SD = 0.61 times per minute),
which was 0.7 times per minute less than the average frequency automatically identified in
the AMS. It is possible that the human handling in this examination, including the manual
palpation and the close proximity of a non-familiar human, not being a normal procedure
on the farm, caused additional distress to the cows. According to Ruckebusch and Thivend
(1980), distress can inhibit the reticulo-ruminal motility of cows and consequently reduce
the contraction frequency.

4.8 Future Work
This study demonstrated a low-cost 3D vision system that can automatically and remotely

assess the reticulo-ruminal motility of dairy cows. The automated assessment performed
similarly to referential manual assessment. In contrast to the other available methods of
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reticulo-ruminal assessment, this automated system is non-invasive and distress-free
to cows. As proof of concept, this automated system has the potential to operate as a
standalone system not only on farms with AMSs but also on conventional farms with
individual feeding stations. Upcoming studies should focus on validating this system on
cows of different breeds, and with different parities, lactation stages, feed intakes, and
morphological characteristics. Additionally, longitudinal studies should be performed
to automatically and regularly monitor the changes in the reticulo-ruminal motility of
individual cows on the farm. The automated monitoring system can allow farmers and
veterinarians to frequently collect information about individual cows’ gastrointestinal
conditions and assist them in the disease diagnosis. Moreover, automated reticulo-
ruminal assessment can be combined with the outputs of other sensors implemented
on farms to further improve the health care and daily management of dairy cows.
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High milk production and insufficient feeding often challenge dairy cows’
metabolism, cause shortages in energy and nutrients, and lead to metabolic
disorders that have strong impacts on health, production, and reproduction.
The objectives of this study were to deploy dairy cow morphological traits as
metabolic indicators that can be correlated with dairy farmer feeding practices
and to develop a qualitative method to apply root cause analysis (RCA) on
metabolic indicator anomalies in order to investigate the pathogenesis and
root causes of metabolic disorders. Images of 42 lactating cows were recorded
approximately 3 times per day for 66 days using a multicamera 3-dimensional
vision system. Customized image processing algorithms were developed to
automatically extract morphological traits that included the body condition,
reticulo-ruminal contraction frequency, and rumen fill. These morphological
traits were associated with cows’ metabolism and were observed at both
the herd and individual levels to detect anomalies over time. At the herd
level, rumen fill drastically decreased 1 day after the cows began grazing on
premature grass and was thus considered the metabolic indicator that rapidly
responded to feeding practice changes. At the individual level, when a cow
was identified at the onset of developing metabolic disorders, reticulo-ruminal
contraction frequency and rumen fill tended to change in opposite directions
over time, indicating rumen hypomotility. The anomalies of the metabolic
indicators were chronologically assembled and analyzed with RCA. The root
cause of the metabolic disorder of a cow was revealed to be the farmer lacking
sufficient information on the cow’s metabolism when he adjusted the feeding
practice multiple times. This study developed a promising method of applying
RCA on farms to assist dairy farmers in understanding the pathogenesis of
metabolic disorders and managing dairy cow metabolic health.

Key words: root cause analysis, precision livestock farming, 3D vision,
dairy cow metabolic disorder



Root Cause Analysis of Metabolic Disorders in
Dairy Cows Based on Morphological Traits Quantified with 3-Dimensional Vision

5.1 Introduction

In recent decades, the dairy sector has experienced growing demands to feed the
increasing population worldwide (FAO, 2018a). These demands have led the sector to select
highperformance dairy cows that are genetically predisposed to prioritize milk production
(Gross and Bruckmaier, 2019). Such high production challenges cows’ metabolism, which
maintains the balance between nutrition supply and production demand (McGuffey, 2017).
In addition to facing the challenges of high production demand, dairy cows often experience
disturbances caused by a variety of factors, including pathogens, feeding practices, and
transition periods, such as the period from gestation to lactation (Zebeli et al., 2015). These
disturbances can interfere with the metabolism of converting feed to energy and nutrients
(e.g., proteins, lipids, and carbohydrates) and cause energy and nutrient shortages in cows
(McGuffey, 2017). When a cow cannot maintain a balanced metabolism, it may develop
health disorders (Sundrum, 2015), such as ketosis, ruminal acidosis, fatty liver, and milk fever
(Ametaj, 2010). These disorders have substantial impacts on cow health, production, and
reproduction and on-farm profitability (Overton et al., 2017; Gross and Bruckmaier, 2019).
Hence, it is essential for farmers to proactively manage and control metabolic disorders on
farms.

Metabolic health management should involve not only detecting and treating cows with
metabolic disorders but also aiming to understand the metabolic disturbances to the cows
(Overton et al., 2017), which are considered the causes of metabolic disorders. Identifying
the causes is vital for farmers to understand the pathogenesis of metabolic disorders.
This understanding can provide them with the knowledge to start proactively managing
the health of cows, adjusting farm management strategies accordingly, and preventing the
reoccurrence of metabolic disorders. We propose to employ a root cause analysis (RCA)
to identify the metabolic disturbances that cause metabolic disorders on farms. RCA is a
problem-solving method used to identify the root cause of a problem (Kiruthika, 2015). For
the metabolic health management of dairy cows, RCA can be divided into 3 steps: (i) establish
a sequence of clinical symptoms in a timeline from the time that the cow was healthy up
to the time that the metabolic disorder was detected, (ii) investigate the cause(s) of each
symptom (e.g., biology, physiology, pathology, farm management, or the environment), and
(iii) determine the root cause of the metabolic disorder. In RCA, a clinical symptom can be
represented by an anomaly in a cow’s metabolism, which deviates from the metabolism of
other cows in a herd or the past metabolism of the same cow. This anomaly is quantified by
metabolic indicators that are visible, palpable, or measurable on farms and are related to
the physical, physiological, morphological, and behavioral traits of a cow.

The current available metabolic indicators measured on farms include metabolite
contents in the blood, measured by blood tests (Overton et al., 2017); rumen temperature
and pH, measured by radiotelemetric boluses in the rumen (AlZahal et al., 2011); milk
composition, measured by inline spectroscopy milk sensors (de Roos et al., 2007); and cow
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activity and rumination time, measured by 3-dimensional (3D) accelerometers (Stangaferro
et al., 2016). When detecting clinical symptoms (i.e., anomalies) on farms, these indicators
need to be measured regularly and individually in each cow. However, blood tests and
boluses are invasive to cows and impractical and costly for farmers (McGuffey, 2017).
Moreover, milk composition, daily activity, and rumination time are not necessarily indicative
of metabolism or metabolic disorders and are often influenced by feed quality and other
diseases. Additionally, farmers often use low milk yield as an alert of a metabolic disorder
developing in a cow (Overton et al., 2017). This alert, however, occurs too late for farmers
and cows because a cow with low milk-yield is often severely ill, resulting in permanent
health declines and reproductive losses (Overton et al., 2017). To date, additional metabolic
indicators for quantifying dairy cow metabolism are needed, with the requirements of being
measured automatically and noninvasively on farms using low-cost sensors and having
physiological or pathological mechanisms underlying their anomalies.

When a cow is unable to maintain its energy or nutrition balance because of a
disturbance to its metabolism, its lack of physiological adaptation can result in altered
morphology (Schroder and Staufenbiel, 2006; Bobe et al., 2010). Dairy cow morphology
is the external appearance of the body and includes traits such as shape, structure, color,
pattern, and size of the whole body or body parts (Pilat, 1988). The morphological traits of
body size, body condition, hair coat, and paralumbar fossa have often been examined for
manual clinical diagnoses performed by veterinarians (Mantysaari et al., 2019) and denote
metabolic indicators. Among all the morphological traits, body condition is a morphological
reflection of a cow’s fat reserves and is associated with energy balance (Thorup et al., 2012).
A change in body condition can be the result of a metabolic disorder (Rathbun et al., 2017).
Moreover, changes in the shape of the left paralumbar fossa have been used to assess
reticulum-rumen motility of dairy cows (Burfeind et al., 2010). Inhibited reticulo-ruminal
motility is indicative of digestion problems and is associated with metabolic disorders
such as ruminal acidosis and tympany (Snyder and Credille, 2017). Quantification of body
condition and the shape of the left paralumbar fossa has been automated using low-cost
3D vision cameras, enabling the regular monitoring of individual cows on farms (Song et
al., 2019a, 2019b). The objectives of this study were to deploy dairy cow morphological
traits as metabolic indicators that can be correlated with dairy farmer feeding practices
and to develop a qualitative method to apply RCA metabolic indicator anomalies in
order to investigate the pathogenesis and root causes of dairy cow metabolic disorders.

5.2 Materials and Methods
Cows and Milk Production
Forty-two lactating cows from a commercial farm in the Netherlands were selected for this

study. All cows were Holstein Friesian and Brown Swiss crossbreeds and were milked with
an automatic milking system (AMS, Astronaut A5, Lely Industries N.V., Maassluis, The
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Netherlands). This study was carried out for 66 days, from March to May 2019. Data on the

parity, days in milk (DIM), milk yield, milking time per day, and milk composition of the 42

cows over the 66 days were collected using farm management software (T4C, Lely Industries

N.V.). The descriptive statistics of these data are listed in Table 5-1.

Table 5-1. Descriptive statistics of the parity, DIM1, and production of the 42 studied cows over the

66 days.

Item Minimum Mean Maximum SD
Parity (number) 1 1.2 3 0.5
DIM on Day 66 (day) 73 425 232 102
Milkings per day (number) 1 3 5 1

Daily milk yield (kg) 43 25.4 40.4 5.5
Fat content (%) 3.0 3.8 5.0 0.3
Protein content (%) 3.0 3.8 5.0 0.3
Lactose content (%) 4.1 4.5 4.7 0.1

'DIM: days in milk

Table 5-2. Indoor average feed composition changes over the 66 days for each cow.

Day 1 to 10? Day 10 to 24 Day 24 to 52 Day 52 to 66

Fresh DM Fresh DM Fresh DM Fresh DM
Feed DM weight weight weight weight weight weight weight weight
composition digestibility  (kg) (kg) (kg) (kg) (kg) (kg) (kg) (kg)
Grass silage 38% 20.0 7.6 19.0 7.2 19.0 7.2 19.0 7.2
Corn silage 39% 13.0 5.1 12.0 4.7 15.5 6.0 12.0 4.7
Barley 85% 4.0 3.4 3.5 3.0 3.5 3.0 3.5 3.0
Hay 80% 4.0 3.2 3.5 2.8 0 0 3.5 2.8
Total 41.0 19.3 38.0 17.7 38.0 16.2 38.0 17.7

'DM: dry matter; 2 all cows were let out freely for grazing on Day 10
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Feeding Practice

This is an observational study without any experimental treatments or feeding adjustment

on the farm; hence, the farmer practiced the feeding plan independently. The feed for indoor

feeding was supplied to cows 4 times per day at 0400, 1000, 1600, and 2200 h by an

automatic feeding robot (Vector, Lely Industries N.V.) with the feed composition listed in

Table 5-2. Additionally, cows were fed a concentrate supplement during milking with the

AMS. The amount of concentrate provided to each cow was dynamically determined based

on the cow’s DIM and milk yield from the previous day. Among the 42 cows, the average

daily concentrate intake measured by the AMS was 5.1 kg, with a minimum of 0.2 kg, a

maximum of 10.0 kg, and an SD of 0.1 kg. Furthermore, the farmer changed the feeding

practices four times over the 66 days.

e From Days 10 to 66, all cows were freely allowed in a pasture to graze on grass
(i.e., English ryegrass and Bermuda grass) from 0600 to 1400 h each day.

e OnDay 10, the farmer reduced the average indoor feed for each cow from 41 kg of fresh
weight to 38 kg with a similar feed composition ratio.

e  From Days 24 to 52, the farmer replaced 3.5 kg of hay with 3.5 kg of corn silage for each
cow.

e From Days 52 to 66, the farmer returned the 3.5 kg of hay to the indoor feeding of each
cow and withdrew the concentrate supplement from the feed of sick cows he identified.

General Health Check

A noninvasive general health check was performed twice a week for all the cows during the
study. The health check was noninvasive and aimed to detect general health abnormalities
using only visual inspections and palpations. A trained assessor performed the health checks
following a protocol based on ‘Clinical Examination of Farm Animals’ guidelines (Jackson and
Cockcroft, 2002). The general health check included visual inspections of awareness (normal
or dull), hair coat condition (normal or presenting bare spots, lesions, or an irregular hair
coat), breathing (normal or difficult), and nose discharge (normal or discharge). Palpations
were conducted to detect ear temperature (normal or cold ear) and udder condition
(normal or presenting lesions and inflammation). Each cow was given an overall health
score by summing the number of aspects that were normal. The maximum score was
6, denoting healthy, and the minimum score was 0, denoting severely sick. Additionally,
clinical treatment records of the cows on the farm were included as a reference for this
study. To prevent interference with the farmer’s standard health management, however, we
performed the general health checks independently, and the results were not shared with
the farmer or the veterinarians of the farm.

3D Vision System

A 3D vision system was designed to capture the morphology of the cows. It integrated 2
vision systems: one for body condition scoring according to the study by Song et al. (2019a)
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and the other for reticulum-rumen motility assessment according to the study by Song et
al. (2019b). The integrated system comprised 4 cameras (Realsense D415, Intel, Santa Clara,
California, USA) with a 3D depth-sensing function that were connected to and controlled by
2 recording PCs through separate USB 3.0 ports. Each camera had a depth-sensing resolution
of 1280 x 720 pixels and field-of-view angles of 69° x 43° x 77° (horizontal x vertical x
diagonal). The 3D vision system setups were identical to those from the 2 reference studies
of Song et al. (2019a, 2019b).

During the 66-day observational period, images of all the cows were recorded during
and after each successful milking in the AMS. (i) Left paralumbar fossa. When a cow was
standing in the AMS and the milking process had started, the AMS sent a digital signal to the
first recording computer to activate camera 1 for recording, which was mounted on the left
fence of the AMS to capture the view of the left paralumbar fossa of the cow in the AMS.
The recording was set at 4 frames per second (fps) for 4 minutes. If the milking was shorter
than 4 minutes, then the recording stopped when the first teat cup detached from the cow.
(ii) Body condition in 8 body regions. As the cow left the AMS through the exit gate after
milking, its body triggered a photocell that was mounted above the gate and connected to
the second recording PC. The photocell sent a digital signal to the recording PC to activate
cameras 2, 3, and 4 to record 3D images simultaneously at 10 fps for 2 seconds. Cameras
2, 3, and 4 were mounted on a metal frame that was placed above the AMS exit gate to
capture the views of the top, right, and rear body sides, respectively. After image recording,
both PCs recorded the cow identification number and time of the recording and reset the
cameras for the next cow to enter the AMS.

Morphological Trait Extraction using Image Processing

Body Condition. Morphological traits representing the body conditions of 8 body regions
(i.e., the spinous processes, spinous to transverse processes, overhanging shelf, hook bone,
pin bone, thurl area, spinous processes to hook bone, and cavity between the tail head and
pin bone) were extracted using the same image processing algorithms as those in Song et
al. (2019a). For each cow, the daily morphological trait for each body region was calculated
by averaging the results of all the recordings from the same day.

Reticulo-Ruminal Contraction Frequency. The surface concavity of a cow’s left paralum-
bar fossa was calculated using the image processing algorithms of Song et al. (2019b). For
each milking, the surface concavities calculated from all the images were chronologically
assembled to form a raw signal. The raw signal contained oscillations that potentially de-
noted dairy cow reticulo-ruminal contractions. Discrete fast Fourier transformation was first
applied to convert the raw signal from its time domain to a representation in the frequency
domain. Then, the frequency range of 0.017 to 0.050 Hz was selected to retain only the
information related to the reticulo-ruminal contractions. Within this range, the frequency
with the highest amplitude was considered to denote the reticulo-ruminal contraction fre-
quency.
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Rumen Fill. The median of all the values of the raw signal in the time domain was cal-
culated as the average surface concavity over the 4 minutes and denoted a cow’s rumen fill
(i.e., the total amount of liquid and dry matter stored in the rumen). Finally, the daily reticu-
lo-ruminal contraction frequency and rumen fill were calculated by averaging the results of
all the recordings of a single cow on the same day.

Metabolic Indicator Selection. Eight variables were selected as dairy cow metabolic
indicators, including milk yield (kg), milk fat content (%), milk protein content (%), the milk
fat-to-protein ratio (-), milk electrical conductivity (-), the concavity of the spinous processes
(<), reticulo-ruminal contraction frequency (contractions per minute), and rumen fill (m-2).
The concavity of the spinous processes was chosen to represent all the body conditions in
8 body regions of a cow because it was previously shown to have the highest correlation
coefficient (i.e., Spearman’s rho = 0.90, P < 0.001) with the reference measurements among
all the body regions (Song et al., 2019a).

Cross-Correlations among Metabolic Indicators at the Herd Level

At the herd level, the selected metabolic indicators can respond differently in time to specific
feeding practice changes. We chose to calculate a cross-correlation between two indicators
over the 66 days. A cross-correlation compares 2 time-series datasets to determine the
time delay between the 2 sets having the best fit. Each time-series dataset consisted of
the median value of a metabolic indicator of all the cows each day. Upon shifting the first
dataset forward and backward from 0 to 65 days, the cross-correlations between the first
and second datasets were calculated. The lag time (i.e., the number of days shifted from the
first to the second datasets) with the highest absolute cross-correlation was calculated to
represent the best data match of the 2 time-series metabolic indicators.

RCA of Metabolic Disorders at the Individual Level

For a cow with a metabolic disorder, the anomalies in all 8 metabolic indicators of this cow
were first identified. These anomalies were assigned chronologically in a timeline from the
time that the cow was healthy up to the time that the metabolic disorder was detected.
Each anomaly was considered the symptom of a metabolic disorder, and the combined
sequence of anomalies denoted the pathogenesis of the metabolic disorder. Thereafter, the
causes of each anomaly (i.e., symptom) were investigated from the perspectives of biology,
physiology, pathology, farm management, and the environment. Finally, the root cause(s) of
this metabolic disorder was determined based on expert knowledge.
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5.3 Results and Discussion

Herd-Level Metabolic Response to the Changes in Feeding Practice

The distribution of each metabolic indicator among all the cows in the herd on each day
is presented in a boxplot (Figure 5-1). In each box, the central mark is the median of the
indicators of all the cows on 1 day. The bottom and top edges of the box are the 25" (Q1)
and 75% (Q3) percentiles of the indicators, respectively. The whiskers extend to the most
extreme data points that are within the range of [Q1 — 1.5 x (Q3 - Q1), Q3 + 1.5 x (Q3 —
Q1)] and thus are not considered outliers. The outliers are located outside of the range and
plotted individually as dots.

Rumen Fill and Milk Fat Content. When all the cows were allowed to freely graze in
the pasture on Day 10, a few metabolic indicators responded quickly. Rumen fill responded
first among the indicators, responding on Day 11. The 25 and 75 percentiles and median
rumen fill of the herd decreased significantly over a period of approximately 13 days (Figure
5-1-H). Similar to rumen fill, milk fat content significantly decreased from Day 11, with a
median of 4.7%, to Day 13, with a median of 4.3%. Milk fat content subsequently increased
to 4.7% on Day 24 and then decreased to 4.4% on Day 27 (Figure 5-1-B). Significant changes
in other metabolic indicators at the herd level were not observable, as evident in the
boxplots. The cause of the decrease in rumen fill might have been insufficient feed at the
start of grazing. We believe that the start of grazing was too early in the year (i.e., Day
10 was on the 24 of March), as the grass in the pasture was premature and insufficient
for the nutritional needs of the cows. The decrease in milk fat content was not expected.
Generally, when cows are shifted from indoor feeding to outdoor grazing, milk fat content
increases because of the increased proportion of roughage intake (Salfer et al., 2018). In this
study, the milk fat content changed in the opposite direction than expected, which can be
explained by insufficient feeding during grazing, resulting in the roughage intake being lower
than that associated with indoor feeding. In addition, when the farmer replaced hay with
corn silage in the feed on Day 24, the proportion of roughage decreased, causing the milk
fat content to decrease from Day 24 to 27.

Milk Protein Content, Milk Fat-to-Protein Ratio, Milk Electrical Conductivity, and
Reticulo-Ruminal Contraction Frequency. In contrast to milk fat content, protein content
remained stable when the feeding practices were changed (Figure 5-1-C). This observation
is in line with the finding by Leskinen et al. (2019), who reported that changes in nutrition,
ration formulation, or feed intake affected milk fat content much more than protein con-
tent. The milk fatto-protein ratio followed the same pattern of decrease as milk fat content
(Figure 5-1-D) because the milk protein content remained stable. Milk electrical conductiv-
ity (Figure 5-1-E) and reticuloruminal contraction frequency (Figure 5-1-G) remained stable
over time, as deviations in these measurements are mainly associated with diseases (Leek,
1987; Khatun et al., 2018). This stability indicated that the herd was clinically healthy.
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Figure 5-1. Boxplots of 8 dairy cow metabolic indicators at the herd level, including (A) milk yield
(kg); (B) milk fat content (%); (C) milk protein content (%); (D) the milk fat-to-protein ratio (-); (E) milk
electrical conductivity (-); (F) the concavity of spinous processes (-), representing body condition;
(G) reticulo-ruminal contraction frequency (times per minute); and (H) rumen fill (m-2). In each box,
the central mark is the median of the indicators of all the cows on 1 day. The bottom and top edges
of each box are the 25th (Q1) and 75th (Q3) percentiles, respectively, of the indicator. The whiskers
extend to the extreme data points that are within the range of [Q1 - 1.5 X (Q3 - Q1), Q3 + 1.5 X
(Q3 - Q1)] and not considered outliers. The outliers are located outside of the range and plotted
individually as dots.
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Figure 5-2. Plots of the cross-correlations between the herd median rumen fill (i.e,, fastresponding
metabolic indicator) and (A) herd median milk yield and (B) herd median body condition (i.e., slow-
responding metabolic indicators). Each cross-correlation was calculated between rumen fill and the
shifted slow-responding indicator. The positive and negative lags indicate that the slow-responding
indicator series was shifted forward and backward in time, respectively. The confidence bounds
(two dashed lines) of the cross-correlations were calculated as 2 times the standard error. The peak
cross-correlation between rumen fill and milk yield was - 0.39 with a lag of -14 days, indicating
that milk yield had a significant decrease 14 days later than the rumen fill decrease (i.e,, the start
of grazing). Moreover, the peak cross-correlation between rumen fill and body condition was -0.67
with a lag of -4 days, indicating that body condition had a significant decrease 4 days later than the
rumen fill decrease.

Milk Yield and Body Condition. Over the entire 66 days, both milk yield and body con-
dition decreased gradually. The herd median milk yield decreased from 26 kg on Day 1 to
24 kg on Day 66 (Figure 5-1-A). Moreover, the milk yield decrease in the 25" percentile was
greater than the corresponding decreases in the 75 percentile and the median of the herd.
This difference indicated that the herd-level milk yield decrease was mainly due to the cows
in the herd with relatively low milk yields, which were impacted to a greater extent than
the other cows by the insufficient feed during grazing. The herd median body condition also
decreased over the 66 days, whereas the 25th and 75th percentiles remained approximately
stable. The distribution curve on each day changed from equal on Day 1 to skewed towards
a low body condition on Day 66 (Figure 5-1-F). This finding indicates that the body condition
decrease was mainly due to the condition decreases in the cows of higher body condition in
the herd.

Cross-Correlations among Metabolic Indicators at the Herd Level.

Asshownin Figure 5-1-F, milk yield and body condition exhibited much weaker decreases than
rumen fill and milk fat content. The influences of the insufficient feed supply during grazing
on milk yield and body condition were represented by the cross-correlations between the
fastresponding metabolic indicator,namely, rumen fill, and the 2 slow-responding metabolic
indicators, namely, milk yield and body condition. The cross-correlation calculation and

83



Chapter 5

lag determination revealed how many days elapsed until milk yield and body condition
responded to rumen fill changes (indicating the effect of insufficient feeding during grazing).

Figures 5-2-A and 5-2-B show the cross-correlations between rumen fill and milk yield
and between rumen fill and body condition, respectively. The confidence interval (i.e., the
dashed line in Figure 5-2) of the cross-correlation was determined to be 2 standard errors,
which was estimated as the standard error of the cross-correlation between the data of 2
series, assuming that the series were uncorrelated. The cross-correlation with the highest
absolute value located outside of the confidence interval (i.e., approximate 95% confidence
interval) was the peak crosscorrelation. The corresponding lag indicated the delay in days
in the slow-responding data (i.e., milk yield and body condition). The peak cross-correlation
between rumen fill and milk yield was -0.39 with a lag of -14 days, indicating that milk
yield had a significant decrease 14 days later than the rumen fill decrease (i.e., the start of
grazing). Moreover, the peak cross-correlation between rumen fill and body condition was
-0.67 with a lag of -4 days, indicating that body condition had a significant decrease 4 days
later than the rumen fill decrease. Although rumen fill started increasing on Day 24, both
milk yield and body condition continued to decrease over the remaining days, resulting in
both peak cross-correlations being negative.

Dairy Cows with Metabolic Disorders

Among all cows, 2 cows received health scores lower than 5. The first cow, denoted Cow A,
received a health score of 4 for 2 consecutive checks on Days 52 and 53, with abnormalities
in awareness and ear temperature on both days. The second cow, denoted Cow B, received
a health score of 4 on Day 48, with abnormalities in awareness and ear temperature, and
a health score of 5 on Days 33 and 52, with abnormalities in awareness and hair coat
condition, respectively. According to the farmer’s on-farm clinical treatment records,
both had received oral sodium bicarbonate power from Days 52 to 54. Because the two
cows showed similar trends in their metabolic indicators, we selected Cow A to a typical
example (Figure 5-3). On Day 1, rumen fill and milk fat content were low and located in the
lowest 25 percentiles of the herd, whereas the remaining metabolic indicators were at
approximately the median levels of the herd. At the start of grazing on Day 10, the rumen
fill of Cow A was similar to that of the herd: a strong change from a flat paralumbar fossa on
Day 11 to a concave surface indicating an empty rumen on Day 17 (Figure 5-3-H). On Day
24, when the farmer replaced hay with corn silage in the feed, the milk fat content of Cow A
showed a slight decrease (Figure 5-3-B). From Days 41 to 47, the reticuloruminal contraction
frequency decreased, whereas the rumen fill increased slightly (Figure 5-3-G and 5-3-H).
The opposing trends of these 2 variables indicate subtle reticulo-ruminal motility inhibition;
such inhibition can cause an increased amount of digestion but with insufficient contractions
and, consequently, an increased level of acidity in the rumen. Starting on Day 47, the rumen
fill of Cow A decreased markedly and was accompanied by an increase in reticulo-ruminal
contraction frequency, indicating an extremely low rumen fill. On Day 48, the milk yield of the
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cow started decreasing (Figure 5-3-A), and its milk fat content started increasing (Figure 5-3-
B). On Day 52, rumen fill and milk yield reached their lowest levels, while reticulo-ruminal
contraction frequency reached its peak. On the same day, the cow received a health score
of 4 because the cow was dull and had cold ears. Additionally, the farmer identified this cow
due toits milk yield decrease and inconsistent manure. The farmer adjusted the feeding plan
from Day 52 for this cow by offering an additional kilogram of hay, removing the concentrate
supply from the feed, and administering oral sodium bicarbonate to the cow for 3 days to
increase its reticulorumen motility. Two days later, on Day 54, the rumen fill and milk yield
of the cow started to recover, whereas its reticulo-ruminal contraction frequency remained
stable. It seemed that the cow actively responded to the rumen stimulation treatment and
feeding changes. In contrast, the milk fat content and fat-to-protein ratio of Cow A remained
high from Days 52 to 57 (Figure 5-3-B and 5-3-D). Although the cow was recovering from
disturbances due to the treatment and feeding practice changes, by the end of the study, its
milk production had not reached the same level as that before Day 48. Starting on Day 57,
its milk fat content and milk fat-to-protein ratio also remained high.

RCA of Cow A with Metabolic Disorders

RCA was applied to the morphological traits of Cow A for the 66 days and is presented
in a fishbone diagram (Figure 5-4). This cow was suspected of having metabolic disorders
(i.e., mainly ruminal acidosis and ketosis) based on its responses to the rumen stimulation
treatment and it was not completely recovered from the metabolic disorders by the end
of Day 66. Hence, we established a timeline of 66 days in the fishbone diagram. On the
timeline, all the observed anomalies in metabolic indicators (i.e., anomalies described in
the previous paragraph) were chronologically assigned. This timeline with anomalies in
the metabolic indicators could represent the pathogenesis of the metabolic disorders in
Cow A over the 66 days. The biological, physiological, pathological, farm management, or
environmental causes of each anomaly are summarized in Table 5-3. Among all the causes,
we believe that the changes in feeding practices and the insufficient ability to overcome
metabolic disturbances resulted in the pathogenesis of ruminal acidosis and ketosis in Cow
A. The root cause of the ruminal acidosis and ketosis in Cow A was determined to be the
farmer lacking sufficient information about the cow’s metabolism (i.e., metabolic indicators)
when he adjusted the feeding practice multiple times.

Morphological Traits as Metabolic Indicators

Herd Level. The rumen fill of the herd decreased 1 day after the cows started grazing
on premature grass; hence, rumen fill responded quickly to this change in feeding practice,
as shown in the 3D images. Rumen fill is an estimate of the total amount of liquid and dry
matter stored in the rumen and is associated with the dry matter intake, ration composition,
and digestion function of a cow. Typically, rather than using rumen fill, farmers evaluate milk
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Figure 5-3. Plots of 8 metabolic indicators of cow A over 66 days, including (A) milk yield (kg); (B) milk
fat content (%); (C) milk protein content (%); (D) the milk fat-to-protein ratio (-); (E) milk electrical
conductivity (-); (F) the concavity of spinous processes (-), representing body condition; (G) reticulo-
ruminal contraction frequency (times per minute); and (H) rumen fill (m-2). Additionally, the farmer’s
feeding practice changes are labeled with three vertical dashed lines. On Day 10, all cows, including
Cow A, were left out for grazing on premature pasture. On Day 24, hay was replaced by corn silage
from the indoor feeding. On Day 52, cow A was identified as having health issues by the farmer
based on a milk yield decrease and inconsistent manure. The farmer adjusted the feeding plan for
this cow from Day 52 by offering an additional 1 kilogram of hay, removing concentrate from the
feed, and providing the cow with sodium bicarbonate to increase reticulo-rumen motility.

Day 1 Day 42 Day 48 Day 53 Day 57
Low milk fat content Rumen fill increase Milk fat & protein content  Milk yield remains low
Low rumen fill Contraction freq. decrease Milk yield decrease increases Milk fat content remains high

MetaboliC
disorder,

A
v

Rumen fill decrease  Rumen fill decrease Lowest milk yield & rumen fill Milk yield & rumen fill
Contraction freq. increase Highest contraction freq. increases
Day 11 Day 47 Day 52 Day 54

Figure 5-4. A fishbone diagram representing the root cause analysis applied to the metabolic
disorders of a dairy cow.
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yield to assess the effects of their on-farm feeding practice change (Schorr and Lips, 2018).
In addition, some farms are equipped with automated body condition scoring systems.
Farmers on such farms can also use body condition scores to help them perform feeding
practice management (Bewley et al., 2008). Nevertheless, neither milk yield nor body
condition responded rapidly to insufficient feeding during grazing in our study. Relative to
rumen fill, milk yield and body condition had response delays of 12 and 4 days, respectively.
Hence, the monitoring of rumen fill at the herd level via a 3D vision system can allow farmers
to detect rapid responses of dairy cows to changes in feeding practices.
Individual Level. When the farmer replaced hay with corn silage in the feed, the ru-

men fill at the herd level remained stable. Anomalies in the metabolic indicators occurred
in only a few cows that later developed metabolic disorders. Two cows were suspected of

Table 5-3. The observed anomalies in metabolic indicators and the causes of each anomaly
chronologically assigned over the 66 days.

Day Observed anomalies in metabolic indicators Causes of the anomalies

Insufficient feed intake
Low social rank in the herd
Low metabolic plasticity

1 1. Low mil k fat content
2. Low rumen fill

11

[y

. Rumen fill decrease The start of grazing
Premature grass in the pasture
Decreased amount of indoor feeding

Lower indoor feed intake

42 . Rumen fill increase

. Reticulo-ruminal contraction frequency decrease

Lower roughage intake

Not fully recovered from the influence of
grazing

Hay removed too early after the start of
grazing

The farmer lacked metabolism information
as feedback for the feeding changes

NP PRONE WNE

N =
w

>

47 Development of ruminal acidosis
Drastic feed intake decrease

High acid level in the rumen

. Rumen fill decrease
. Reticulo-ruminal contraction frequency increase

N =

48

Juny

Feed intake decrease
Ruminal acidosis

. Milk yield decrease

52 . Lowest milk yield & rumen fill

. Highest reticulo-ruminal contraction frequency

Empty rumen

. No clinical sign could be detected before
this day

Had not received any clinical treatment
Long time with a low feed intake

NP NP N e

N =

53

[y

Extremely low milk yield
Low feed intake

Roughage intake increase
Concentrate intake decrease

. Milk fat and protein content increases

Received clinical treatments

Roughage intake increase

The rumen acid level decreased to a normal
level

Rumen motility recovered

54

Jany

. Milk yield and rumen fill increases

WNER RN E AW

57 Long-term damage to production
Not fully recovered
. Development of ketosis

. Roughage intake increase

. Milk yield remained low
. Milk fat content remained high

N
poNe |
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developing metabolic disorders after the farmer replaced hay with corn silage in the feed.
The reticulo-ruminal contraction frequency and rumen fill of these cows started deviating
from the herd-level median approximately 10 days before the farmer observed the more
apparent signs in the cows. Hence, to obtain adequate information about the effects of the
feeding practice and to detect metabolic disorders in the early stages, farmers also need to
monitor metabolic indicators at the individual cow level.

The milk yield of Cow A decreased markedly on Day 48. This decrease, however, was
not necessarily indicative of disease, as milk yield can be influenced by a variety of factors
(e.g., feed quality and heat distress). Hence, after receiving the alert about the milk yield
decrease, the farmer had to physically examine the cow for further investigation. The farmer
claimed to be unable to detect any clinical signs in that cow on Day 48, which was in line
with our general health check on the same day (i.e., the cow had a health score of 6 on
Day 48). Without any detected health problems and treatment, further deterioration of the
cow’s rumen health consequently occurred. If the farmer had detected a milk yield alert in
combination with a rumen health alert, then more targeted and effective disease detection
and treatment could have occurred. Furthermore, the milk fat content and fat-to-protein
ratio in Cow A strongly increased and remained high during and after disease detection and
treatment by the farmer. A high milk fat content and fat-to-protein ratio accompanied by a
low milk yield can indicate ketosis in a cow (de Roos et al., 2007). The finding of multiple
metabolic disorders occurring in Cow A in this study is in line with the finding of Ametaj
(2010), who stated that metabolic disorders are strongly associated with each other because
the recovery of one unbalanced metabolic process requires compensation by others in the
body. Hence, it is suggested that a variety of metabolic indicators in individual cows be
chronologically incorporated in a timeline to adequately represent the pathogenesis of
metabolic disorders.

5.4 Conclusions

This study demonstrated that 3D vision-quantified rumen fill was a metabolic indicator that
rapidly responded to feeding practice changes at the herd level and that both reticulo-ruminal
contraction frequency and rumen fill have great potential to identify metabolic disorders at
an early stage. The root cause of the metabolic disorders in Cow A was revealed to be the
farmer lacking sufficient information about the cow’s metabolism when he adjusted the
feeding practice multiple times. This study developed a promising method of applying RCA
on farms to assist dairy farmers in managing dairy cow metabolic health.
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6.1 General Conclusions

This Ph.D. thesis aimed to develop and validate methods and models to automatically
quantify dairy cow morphological traits as metabolic indicators using 3-dimensional (3D)
vision and to acquire knowledge about the root cause of metabolic disorders in dairy cows
by incorporating precision livestock farming (PLF) and root cause analysis (RCA).

In Chapter 2, a 3D vision system was designed, built, and validated to automatically
quantify dairy cow body size, including hip height, hip width, and rump length. With these
morphological traits as inputs, we achieved body-weight-prediction performance similar to
that of manual and semiautomated methods. Moreover, the propagation of measurement
error into the prediction model was negligible, which indicated that the bottleneck in
prediction is not in the quality of the 3D vision system. This chapter chose 3 commonly
used morphological traits of dairy cows for automatic quantification and demonstrated
that 3D vision technologies have great potential for automation on farms. Additionally, this
chapter set guidelines for data collection, image processing, measuring error quantification,
mathematical model selection, and referential assessment protocols for Chapters 3, 4, and 5.

The body condition score (BCS) of a dairy cow is a metabolic indicator and is influenced
by feed efficiency, dietary composition, stocking rate on farms, and all other aspects related
to the energy balance of a cow. The current vision-based BCS classification systems used
information acquired from only a limited number of cow body regions. In Chapter 3, a
multicamera 3D vision system was designed to extract the body-condition-related features
of 8 body regions from 3 viewpoints. Moreover, all extracted morphological traits were used
as inputs in a BCS classification model with the BCS as an ordinal output. The sensitivity
of our 3D vision-based BCS classification was significantly higher than the sensitivities of
currently available automated systems.

InChapter4, alow-cost 3D vision system was demonstrated to automaticallyand remotely
assess dairy cow reticulo-ruminal motility, which is a well-established metabolic indicator.
Our automated assessment performed similarly to the reference manual assessment. In
contrast to the other available methods, this automated system is noninvasive and distress-
free for cows. It is a promising tool for farmers and veterinarians to obtain information
on a daily basis about the metabolic status of individual cows and can help them in farm
management and clinical diagnoses.

Chapter 5 describes an on-farm longitudinal study that integrated all the 3D vision
systems and mathematical models designed in Chapters 2, 3, and 4. As a case study, a
cow with metabolic disorders was analyzed by applying RCA to all the available metabolic
indicators of the cow over 66 days. The results revealed that the 3D vision-quantified rumen
fill could serve as a metabolic indicator that responds rapidly to feeding practice changes.
Moreover, the root cause of this case was that the farmer lacked information about the cow’s
metabolism when he adjusted the feeding practices several times. This study developed a
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promising method of applying RCA to farms to assist dairy farmers in managing dairy cow
metabolic health.

This thesis successfully proved the useful application of 3D vision technology for
automating dairy cow morphology quantification on farms. The designs of the vision
systems and mathematical models were validated on commercial farms with a harsh and
uncontrolled environment, demonstrating the great potential of these tools for farmers
to deploy in daily farm management. The automatically quantified morphological traits
were shown to be significantly correlated with the metabolism of cows. The root cause of a
metabolic disorder was revealed by chronologically combining all metabolic indicators and
applying RCA. This thesis developed and validated a method to incorporate PLF and RCA to
assist farmers in dairy cow metabolic health management.

In the following paragraphs, | will discuss the findings of this thesis in a more general and
broader context: (6.2) the characterization of the selected morphological traits and added
values for indicating cows’ metabolism compared to current metabolic indicators, (6.3)
comments in relation to metabolic plasticity, (6.4) moving towards disease prevention with
PLF applications, (6.5) measuring the quality of the 3D vision systems, (6.6.) the acceptance
of a 3D vision system, and (6.7) future work.

6.2 Morphological Traits Related to the Metabolism of Dairy Cows

This thesis describes the use of a 3D vision system to quantify 3 types of dairy cow
morphological traits, including body size, body condition in 8 body regions, and concavity
of the left paralumbar fossa, representing reticulo-ruminal motility. These automatically
quantified dairy cow morphological traits are reliable indicators of cows’ metabolism
and can assist farmers in feeding management and the detection of metabolic disorders.
(i) The median rumen fill of the herd decreased substantially after the start of grazing, which
was interpreted as a fast metabolic response to a change in feeding practice. The reticulo-
ruminal contraction frequency and rumen fill can together be used to assess rumen function
and health condition and to classify ruminal diseases (e.g., ruminal acidosis and bloat).
(ii) Body condition is a reflection of a cow’s fat reserves and is associated with a dairy cow’s
energy balance (Roche et al., 2009). As it is a slow metabolic response, we considered body
condition a long-term result of feeding practices and not a sufficient indicator to detect
metabolic disorders at an early stage. (iii) Compared to adult cows, body size, as a metabolic
indicator, is essential in the analysis of the metabolism of heifers and calves because
metabolism significantly influences their growth (Kertz et al., 2017).

The currently available metabolic indicators are greatly varied in their applicability
and practicality. The blood metabolites measured by blood tests and the rumen pH and
temperature measured by using boluses are physiological variables and can directly
represent the metabolism of cows. Their measurements, however, reply on blood drawing
or implantation of a bolus in the rumen of a cow. Hence, the measurements are invasive

94



General Discussion

to cows and impractical for deployment on farms on a regular basis. On the other hand,
daily activity, rumination time, milk composition, and milk yield are noninvasive metabolic
indicators deployed in PLF applications on farms. Although they can be measured
automatically and noninvasively, they are not necessarily indicative of metabolic disorders
and can be influenced by a variety of factors, such as cow behaviors and different diseases.
The automatically quantified morphological traits can fill the gap between these current
types of metabolic indicators, providing the advantages of revealing rapid responses
to feeding practice changes and of automatic and noninvasive measurement. In PLF
applications for dairy cows’ metabolic health management, these morphological traits can
be chronologically incorporated with currently available metabolic indicators (e.g., milk
composition and yield) to represent the pathogenesis of metabolic disorders and to help
farmers improve their farm management.

6.3 Rumen Fill as an Indicator of Metabolic Plasticity

The 3D vision-quantified rumen fill has the potential to be an indicator of dairy cow
metabolic plasticity, which is defined as the adaptation capacity of a cow to maintain energy
and nutrition balances when it experiences metabolic disturbances (Gross and Bruckmaier,
2015). As described in Chapter 5, the herd-level rumen fill exhibited a marked decrease
after the start of grazing and gradually recovered to the pre-grazing level by the end of the
study. The changes in rumen fill were associated with insufficient feed intake during grazing
and influenced by the premature grass on the pasture land. At the individual cow level,
the changes in rumen fill varied: some cows took less time than the herd average to reach
the same level of rumen fill as before grazing, whereas others never returned to the same
rumen fill level as before grazing (e.g., Cow A in Chapter 5). The recovery time of rumen fill
has the potential to indicate the capability of a cow to adapt to disturbances and changes.
Cows that fail to recover to the pre-grazing level of rumen fill may experience shortages in
nutrition and energy, possibly resulting in production decreases and metabolic diseases. In
addition to grazing, the farmer changed the indoor feed composition by replacing hay with
corn silage on Day 24, which was during the period of cow adaptation to feeding on pasture
since Day 10. The metabolic indicators of most cows remained stable, indicating that they
adjusted their metabolisms to this change; however, a few cows did not fully recover from
the second disturbance, and 2 cows started developing metabolic disorders. | consider
these cows metabolically vulnerable. Hence, automatically quantified rumen fill could be
deployed as an indicator of dairy cow metabolic plasticity at both the herd and individual
levels. Furthermore, when farmers make feeding plans, it would be beneficial for them to
know the metabolic plasticity of each cow and attend to those cows with low metabolic
plasticity after changing feeding practices to prevent production reduction or occurrence of
metabolic disorders.
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6.4 Towards Understanding the Anomalies of Bio-Response and Disease
Prevention

Current PLF applications for dairy cow health management focus on (i) measuring dairy cows’
bio-responses by using a variety of sensors, (ii) identifying anomalies in the measurements
on the herd or individual level, and (iii) developing models to link anomalies to specific
diseases (Norton and Berckmans, 2018). These applications assume that anomalies in bio-
response are a sufficient condition for detecting the occurrence of clinical diseases. However,
such anomalies in bio-responses can be the result of physiological adaptations of a cow to
maintain metabolic balances when it experiences disturbances. A cow with higher plasticity
that is able to sufficiently respond and adapt to disturbances may avoid becoming sick in the
future. Hence, the occurrence of anomalies of bio-response in a cow does not necessarily
indicate that the cow is developing a disease. Without considering cows’ physiological
adaptation and plasticity, such PLF applications can assess cows with successful adaptations
as diseased cows, increase false alerts on farms, cause unnecessary treatment, and reduce
the confidence of farmers in PLF applications on farms.

PLF could learn from dairy veterinary science, in which the paradigm has shifted in dairy
cow health management from the detection and treatment of clinical disease to disease
prevention. Along with the intensification of dairy farming over decades, the assumption in
veterinary science has gradually changed from “if all the sick animals are treated properly,
a healthy dairy herd will result” to “if the problems produced in a dairy production system
are fixed, a healthy dairy herd will result” (LeBlanc et al., 2006). This fundamental change
is economically beneficial to dairy farmers and contributes to the sustainability of farms,
especially large farms. PLF emerged as a result of the demand to maintain sustainability in
intensified dairy farming. Hence, to effectively apply PLF in dairy cow health management,
the research focus should also shift from detecting diseased cows to preventing disease (re)
occurrence; this goal can be achieved by investigating the causes of bio-response anomalies
in dairy cows and identifying the root causes of disease.

6.5 3D Vision System for Dairy Cow Morphological Quantification

The 3D vision-based morphological quantifications were designed to mimic human
assessments performed on dairy cows. Using the assessments provided by experts as
references, the errors in the automated body size measurements were negligible; the highest
correlation coefficient (Spearman’s p) between automatic and manual body condition
assessment was 0.90 (P < 0.001); and the matching sensitivity between the automatically
identified reticulo-ruminal contraction and manual identification was 0.97. The above
results show that the automated morphological quantifications attained almost the same
performance as human experts. Furthermore, 3D vision systems can provide measurements
with much more detailed information and more features than human assessment. The
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body-condition-related morphological traits were measured as continuous variables,
whereas the outputs of the manual assessment were ordinal BCSs consisting of only 9 levels
of body fatness. The standard manual reticulo-ruminal rumen motility assessment consisted
of quantifications of contraction frequency and rumen fill. In the automatically extracted
reticulo-ruminal contraction signals, additional features can potentially be extracted, such
as the amplitude and duration of each contraction. These additional features have the
potential to improve the evaluation of a cow’s digestion ability and rumen health condition,
for which manual assessment is not feasible. Hence, compared with other sensors and
manual assessments, the 3D vision systems offer farmers a precise and cow-distress-free
solution for monitoring the metabolism of individual cows and applying PLF on farms.

6.6 Acceptance of 3D Vision Technology

This study deployed morphological traits measured with 3D vision as metabolic indicates.
We did not include daily activity and rumination time as metabolic indicators because the
measurements of these two indicators for individual cows were expensive. When considering
only hardware cost, | estimated the cost of a 3D accelerator housed in a tag with an attached
neck belt could be approximately 150 euros for each cow. Moreover, a signal receiver and
recording PC are also required for on-farm measurements. Hence, the cost of measuring
these two indicators for individual cows in a herd (e.g., 50 cows) is substantial for farmers.
On the other hand, the commercial 3D camera we selected costs approximately 150 euros.
Even when deploying a multicamera system (i.e., 4 sets of 3D cameras, 1 recording PC, and
other electronic parts) for a herd of 50 cows, the total cost is still less than 10 % of the cost
of deploying 3D accelerators.

For almost a decade, 3D vision technology has been commercialized and industrialized
on dairy farms with implementations of measuring dairy cow position in an AMS and body
condition scoring at the exit of an AMS. Hence, farmers with AMSs are familiar with 3D
vision technology, and their acceptance of deploying 3D cameras on farms has increased
mainly because of the cameras’ advantages of remote sensing and distress-free to cows.
Similar to dairy farmers, manufacturers in dairy automation also instill confidence in 3D
vision technology. By replacing invasive sensors with 3D cameras, automation can be more
animal-friendly and can lead to more sustainable farming for dairy farmers. Additionally, 3D
cameras have become a common type of sensor to deploy in PLF-related scientific studies
with applications for measuring and monitoring a variety of bio-responses in most livestock
animals (Norton and Berckmans, 2018). Nevertheless, the extensive deployment of 3D
vision technology on dairy cows could be subject to societal pressure in the future. With
the growing concern among the general public with regard to animal welfare and animal
rights, 3D vision systems installed on farms for continuous monitoring could be considered
to violate the ‘privacy’ of livestock animals.
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6.7 Future Work

This thesis is the first step towards fully understanding the metabolism of dairy cows by
applying PLF. We focused on case studies for validating automated systems and mathematical
models with a limited number of cows, breeds, and types of morphological traits. The next
step in this research is to improve the robustness of the 3D vision systems and mathematical
models by expanding their validation to more cows of various breeds, ages, and DIMs, and
with a variety of morphological trait selections. Moreover, our integrated 3D vision systems
were installed on farms equipped with AMSs. Further studies are required to explore the
feasibility of implementing 3D vision systems as standalone systems on conventional farms
with facilities that cows regularly visit, such as individual feeding or drinking stations. The
implementation of the standalone systems will expand the morphological monitoring
of dry cows and youngstock, which are in the transition periods and facing considerable
disturbances (Zebeli et al., 2015). Additionally, the deployment of RCA on PLF applications
using morphological traits as metabolic indicators can also be used to evaluate feed quality,
feeding strategies, and the impacts of stocking rate on farms. Finally, the designs of the
3D vision systems, mathematical models, and RCA deployment have great potential to be
adopted for PLF applications for different livestock animals.
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Summary

Feeding the growing population is a major challenge and requires increases in food production
from limited natural resources. Due to globalization and the rapidly growing economies in
some upper-to-middle-income countries and nearly all high-income countries throughout the
world, the dairy sector has been significantly intensified and become one of the fastest-growing
segments among all food production sectors. Meanwhile, intensified dairy farming remains a
subject of growing concern among the general public with regard to food quality, animal health,
environmental impacts, and sustainable development.

With the development of sensor technologies in recent decades, precision livestock farming
(PLF) has become an innovative approach to make livestock farming more environmentally,
economically, and socially sustainable. Particularly, in the dairy sector, PLF has received
considerable attention with a specific focus on dairy cow health management. Currently, PLF
applications have focused on detecting major health problems in dairy cows, such as mastitis,
lameness, and metabolic disorders. These applications have intensively deployed different types
of sensors to measure potential disease-related bio-responses and to build disease detection
models. PLF aims to detect diseases and alerts farmers to treat the identified cows as early as
possible. Nevertheless, PLF applications are problem-oriented and only focus on improving health
management within the existing scope of farms. Additionally, these methods lack a systematic
reflection of the current structures of farm management and the anticipation of reduced disease
prevalence due to structural changes. Moreover, most PLF applications independently deploy
single types of sensors to measure bio-responses related to specific clinical symptoms. The origin
of adisease, however, is significantly associated with the chronological relations of multiple clinical
symptoms. Deploying single types of sensors without considering their chronological relations to
other types of sensors limits the understanding of the pathogenesis of a disease. Hence, the
current PLF applications are still reactive health management methods and need to be improved
to be more proactive, with a focus on identifying the causes of diseases and preventing disease
reoccurrence. To improve PLF applications from reactive to proactive health management, we
suggest incorporating PLF into root cause analysis (RCA), which is a method of identifying the
root (main) causes of health problems in dairy cows. RCA has the potential to reveal the main
causes of diseases to farmers as a systematic reflection of current farm management strategies
and to improve or redesign farm management to prevent disease reoccurrence.

This thesis chose dairy cow metabolic disorders as a case study to incorporate PLF and
RCA and investigate the root cause of metabolic disorders. Metabolic disorders are caused
by the disturbance of 1 or more metabolic processes in a dairy cow and have a considerable
impact on a cow’s health, production, and reproduction. In current PLF applications, metabolic
health management depends on monitoring the dairy cow metabolic indicators (e.g., milk
composition, rumen pH and temperature, daily activity, and rumination time) that indicate the
overall functioning of a cow’s metabolism. These available metabolic indicators, however, are
not specifically indicative of metabolic disorders, and the measurements of these indicators are
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invasive and costly. Hence, different metabolic indicators are needed and should be automatically
and noninvasively measurable on farms using low-cost sensors and have physiological or
pathological meanings underlying the corresponding anomalies.

Dairy cows experience metabolic challenges throughout the year. When a cow is unable
to cope with a challenge or to maintain its energy balance, this can consequently result in
changes to the cow’s morphological traits. These morphological traits, including body size,
body condition, hair coat, and paralumbar shape, are used for the manual clinical diagnosis of
metabolic disorders. Hence, morphological traits have great potential as metabolic indicators to
be deployed in PLF applications. Furthermore, dairy cow morphological traits can be quantified
automatically using machine vision. Among all vision cameras, 3-dimensional (3D) vision cameras
have the most considerable advantages in remotely, inexpensively, and noninvasively quantifying
dairy cow morphological traits. The objectives of this thesis are to design methods and models to
automatically quantify dairy cow morphological traits as metabolic indicators using 3D vision and
to acquire knowledge about the pathogenesis of metabolic disorders in dairy cows.

Three types of morphological traits in dairy cows were selected: body size, body condition,
and body surface concavity on the left paralumbar fossa, which represents reticulo-ruminal
motility and fill. In Chapter 2, the body-size-related morphological traits of hip height, hip width,
and rump length were automatically quantified using a 3D vision camera to view the rump areas
of dairy cows. The results of the automated morphological trait quantification were validated
with manual body measurements as a gold standard. With these morphological traits as inputs,
we achieved weight prediction performance similar to that of the manual method. Moreover,
the propagation of measurement error to the prediction model was negligible, which indicated
that the bottleneck in prediction was associated with insufficient prediction model inputs and
not the quality of the 3D vision system. Three commonly used morphological traits of dairy
cows were selected for automatic quantification, and the results demonstrated that 3D vision
has great potential for automation on farms. Additionally, this chapter set guidelines for data
collection, image processing, measurement error quantification, mathematical model selection,
and referential assessment protocols for the follow-up chapters.

The body condition score (BCS) of a dairy cow is a metabolic indicator that is influenced
by, for example, the lactation stage, feed efficiency, dietary composition, and stocking rate. The
current vision-based BCS classifications use information acquired from only a limited number of
cow body regions. In Chapter 3, body condition-related morphological traits in 8 body regions
(i.e., the spinous processes, spinous to transverse processes, overhanging shelf, hook bone, pin
bone, thurl area, spinous processes to hook bone, and cavity between tail head and pin bone)
were quantified automatically using 3 identical 3D cameras viewing the top, rear, and right
sides of a cow. A nearest-neighbor classification model was built to classify the BCS of individual
cows with automatically quantified morphological traits as inputs and manual BCSs as a gold
standard. The sensitivity of our 3D vision-based BCS classification was significantly higher than
the sensitivities of currently available automated systems.
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Dairy cow reticulo-ruminal motility is a well-established indicator of gastrointestinal health
and metabolism. In Chapter 4, a low-cost 3D vision system was demonstrated to automatically
and remotely assess dairy cow reticulo-ruminal motility. In an AMS, the body surface concavity
on the left paralumbar fossa of a dairy cow was quantified automatically using a 3D camera.
The concavity from all 3D images of 1 cow during 1 recording was chronologically assembled to
form an undulation signal. This undulation signal consisted of cyclic oscillations that represented
reticulo-ruminal contractions. The cyclic oscillation frequency was calculated using fast Fourier
transformation and represented as the reticulo-ruminal motility. Our automated assessment
performed similarly to the referential manual assessment. In contrast to the other available
methods, this automated system is noninvasive and distress free for cows. Thus, this system is a
promising tool for farmers and veterinarians to obtain information on a regular basis about the
metabolic status of individual cows and can aid in farm management and clinical diagnoses.

Chapter 5 describes an on-farm longitudinal study that integrated all the 3D vision systems
and mathematical models designed in Chapters 2, 3, and 4 to regularly monitor all 3 types of
morphological traits over 66 days. All anomalies in the morphological traits at both the herd and
individual levels were identified and chronologically assembled to investigate the root causes of
metabolic disorders. Among all the morphological traits, the herd level rumen fill can serve as a
metabolic indicator that responds rapidly to feeding practice changes. As a case study, a cow with
metabolic disorders was analyzed by applying RCA to all the available metabolic indicators of the
cow over 66 days. The root cause of this case was that the farmer lacked information about the
cow’s metabolism when he adjusted the feeding practices several times. This chapter developed
a promising method of applying RCA to farms to assist dairy farmers in managing dairy cow
metabolic health.

This thesis demonstrated the application of 3D vision technology for automating dairy
cow morphology quantification on farms. The design of the vision systems and mathematical
models were validated on farms, demonstrating the great potential of these tools for farmers
to deploy in daily farm management. The automatically quantified morphological traits were
shown to be significantly correlated with the metabolism of cows. The root cause of a metabolic
indicator was revealed by chronologically combining all metabolic indicators and applying RCA.
This thesis developed and validated a method to incorporate PLF and RCA to assist farmers in
dairy cow metabolic health management, providing the first step towards fully understanding
the pathogenesis of metabolic disorders in dairy cows. The next step of research should be to
improve the robustness of the 3D vision systems and mathematical models by expanding the
validations to more cows of various breeds, ages, and lactation stages, and with a variety of
morphological trait selections. Moreover, further studies are required to explore the feasibility of
implementing 3D vision systems as stand-alone systems for managing dry cows and youngstock,
which are in transition periods and face considerable disturbances. Finally, the deployment of
RCA in PLF applications using morphological traits as metabolic indicators can assist farmers in
evaluating feed quality and feeding strategies to prevent metabolic disorder reoccurrences.
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