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ABSTRACT

Rapid development of broiler production brings up multiple challenges for animal welfare.
In recent years, Precision Livestock Farming (PLF) has been widely used to address these
challenges. PLF aims to improve production efficiency and animal welfare via real-time
monitoring that assists farmers with decision-making on animal management. The
objective of the dissertation is to explore and develop PLF techniques for broiler behavior
measurement and welfare management based on welfare enrichment, smart sensors
(accelerometer, microphone) and cameras.

The effects of Elevated Platform (EP) and Robotic Vehicle (RV) on litter moisture content
(LMC), NH3 concentration, paw quality, plumage cleanliness, and bird activity index (AI)
were investigated and described in Chapter II. The results show that the application of EP
and RV could significantly improve housing environment and bird welfare.

The performance of using three-dimensional accelerometer and two machine learning
models (K-Nearest Neighbor and Support Vector Machine) to classify broiler walking,
resting, feeding and drinking behaviors was described in Chapter III. Both models show
high sensitivities in identifying broiler resting (> 85%) and walking (99%).

The frequency ranges of six common sounds, including bird vocalization, fan, feed system,
heater, wing flapping, and dustbathing in a commercial farm were characterized in Chapter
IV. These benchmark data may eventually assist to identify problems in poultry health and
welfare and to monitor farm equipment operations.

The effects of six image sampling time intervals (0.04, 0.2, 1, 10, 60, and 300 s) on the
accuracy of broiler Al at different bird ages, locations and times of day were investigated
and described in Chapter V. The results show that time interval of 0.04 s yielded the highest
broiler Al, followed by 0.2 s with an acceptable accuracy and 80% less computational
resources.

The correlation of broiler gait score (GS) with several flock metrics (age, body weight,
activity and distribution) were investigated and described in Chapter VI. Broiler GS
positively correlated with body weight (R> = 0.97), while negatively correlated with
activity (R?>0.76).

In conclusion, PLF technologies for broilers are promising approaches to enhance farm
management efficiency, monitor broiler behaviors, and improve bird welfare conditions.
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CHAPTER 1

General Introduction

1.1 Background

Global poultry meat production continues to increase and has become the largest meat
industry in 2020 (USDA, 2020). The United States is the global leader of broiler chicken
production. In 2017, the U.S. broiler industry produced 8.89 billion broiler chickens for a
total value of 30.6 billion dollars and exceeded the value of all other poultry products
(USDA-NASS, 2018). Americans consume approximate 44 kg/capita chicken in 2020,
more than any other countries.

1.2 Challenges in Broiler Production

The large-scale housing system and fast-growing genotype selection meet the huge market
demand, meanwhile lead to multiple challenges regarding housing environment, animal
health and welfare in recent years. Examples of challenges in current broiler production
include poor litter quality, high ammonia (NH3) level, contact dermatitis and leg disorders.

1.2.1 Litter quality

Litter quality is of great importance for broiler welfare as they spend over 80% of their life
resting on the floor. Litter quality is mostly determined through litter moisture content. The
ideal litter moisture content (LMC) of broiler houses is 20-25%. Wet litter provides a
perfect environment for pathogen bacteria and may cause health problems of broilers. One
of the factors that may affect the litter moisture content is stocking density. Higher litter
moisture content and pH are normally associated with higher stocking density (Petek et al.,
2014). This is not only because larger amount of fecal is produced for higher stocking
density, but also because the ventilation near the floor cannot remove the moisture
efficiently. Another factor that related to litter quality is litter materials. Different types of
bedding materials have been investigated in previous studies, such as wood shaving (Oke
et al., 2019; Petek et al., 2014), rice hull (Abreu et al., 2013), sand (Bilgili et al., 2009),
chopped wheat straws (van Harn et al., 2012), sugar cane bagasse (Garcia et al., 2012),
newspaper (El-Deek et al., 2011) etc. The ability of absorption and quickly releasing
moisture were considered as one of the most important characteristics of bedding materials
(Bilgili et al., 2009).



1.2.2 Air quality

Wet litter is an ideal environment for pathogenic bacteria and is the major source of
ammonia (NH3). National Institute for Occupational Safety and Health (NIOSH)
recommended the eight-hour time-weighted average (TWA) NH3 level not to exceed 25
ppm (NIOSH, 2007). However, the NH3 concentrations inside broiler houses could exceed
the recommended value (Miles et al., 2004). Elevated NH3 concentration may decrease the
body weight and feed efficiency of broiler chickens (Beker et al., 2004). It may also damage
birds’ ocular and respiratory systems, and lead to keratitis, conjunctivitis, corneal edema,
and ulceration (Miles et al., 2006). Furthermore, high NH3 concentration may pose risks to
the health of farm workers (Donham et al., 2002) and cause environmental issues, such as
soil acidification, formation of fine particulate matter, and N deposition into aquatic system
(Schreder, 1985).

1.2.3 Contact dermatitis

Contact dermatitis is another welfare issue that associated with poor litter condition (De
Jong et al., 2014; Martland, 1985). It is characterized as nonallergic inflammation of the
skin that caused by external substance (Frosch and John, 2011). Contact dermatitis in
broiler chickens is typically observed first with footpad lesions, followed by hock burns.
Both of them start with superficial hyperkeratosis, then transfer to deep ulcers covered with
a dark deep crust (Greene et al., 1985; Michel et al., 2012). It may cause pain and lead to
lameness when it transforms into deep ulcers (Da Costa et al., 2014). In addition, footpad
dermatitis may cause economic loss because of the large demand of chicken feet in Asian
countries (Giron et al., 2019; Shepherd and Fairchild, 2010). The prevalence of footpad
dermatitis has been used as an audit criterion in welfare assessments of poultry production
system in Europe and the United States (Council, 2014).

1.2.4 Leg disorder

Leg disorder has major impacts on broiler welfare. The most common leg problems are
typically observed in skeletal system, for instance, valgus, crooked toes, tibial
dyschondroplasia, vertebral deformities, twisted legs, osteoporosis of the proximal femur,
and femoral head necrosis (Sanotra et al., 2002; Thorp and Waddington, 1997). The reason
for broiler lameness is complicated, including strain, growth rate, body weight, stocking
density, light, nutritional deficiency, activity level etc. Most of lameness in broiler chickens
is caused by heavy body weight on relative immature bones and appears between weeks 3-
8. Knowles et al. (2008) conducted a comprehensive survey of 176 broiler flocks (4.8
million birds) and reported that over 27.6% of birds showed poor locomotion and 3.3%
couldn’t move by the age of 40 days. Other studies also reported that 14%-50% of broilers
were moderately to severely lame in commercial farms at the late phase of production cycle
(Bassler et al., 2013; De Jong et al., 2016). Lame birds may suffer from pain (Hothersall et
al., 2016), and have difficulty in getting access to feed and water (Bessei, 2006). Leg
abnormalities may also cause economic loss due to higher mortality (Wideman Jr et al.,
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2012) and lower body weight gain (Gocsik et al., 2014). Reduced walking ability, on the
other hand, may extend the contact time between birds and wet litter, thereby increase the
occurrence of contact dermatitis (Nads et al., 2009).

1.3 Related Research

1.3.1Welfare enrichment

Introducing environmental enrichments into animal houses is one of the strategies that can
improve the farm animal welfare. Environmental enrichment refers to modifications that
can improve a captive animal’s interaction with its environment. It may benefit animal
health by increasing the complexity of environment, providing opportunities of the
performance of natural behaviors and increasing the general activity.

(1) Definition of welfare enrichment

Since the investigation of environmental enrichment was commenced in 1980s (de
Azevedo et al., 2007), it has been extensively used in zoos. Although it hasn’t been
generally used on farms, the positive effects of environmental enrichment on captive
animal welfare seems convinced. Newberry (1995) described the effects of environmental
enrichment as “An improvement in the biological functioning of captive animals resulting
from modifications to their environment”. There are five main categorizes of enrichment:
nutritional, occupational, sensory, physical, and social (Young et al., 2003). These
categories work individually or jointly to optimize the animal’s environment, thus
improving animal health and well-being. In broiler production, two of the widely used
welfare enrichments are perches and elevated platform.

(2) Perch

Perching is a natural behavior for both jungle fowl and their domesticated relatives (Collias
and Collias, 1967; Sandilands et al., 2009). Therefore, providing perches in broiler houses
is considered as an effective method of developing enriched environment. The use of
perches by broilers range 2—-25%, which is much lower than that of laying hens (Groves
and Muir, 2013; LeVan et al., 2000; Ventura et al., 2012b). One of the hypothesizes for
low use of perches by broilers is that the design does not accommodate the high body
weight, weak bones, and body conformation of broilers. Different designs of perch (Table
1.1) have been investigated regarding materials, dimension, height, angle, shape etc.
Significant effects of perch design on the use of perches were observed in previous studies.
LeVan et al. (2000) reported perch use of broilers was highest for 0° perch, followed by
10° and 20° perch. Norring et al. (2016) compared the use of perches with different height
(10, 30cm) and found broilers prefer to use lower perches. However, the height of perch is
not the lower the better. Estevez et al. (2002) observed that lower perches (7.5cm) were
preferred by younger birds during 1-4 weeks of age, while greater use of higher perch (15
cm) was observed by week 5 and 6. Estevez et al. (2002) also reported that broiler chickens
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prefer water-cooled perches (10°C) to ambinent temperature perches. Clear age effects on
the use of perches has been reported (Sandilands et al., 2009). The use of perches increased
from week 1 to week 4, then gradually decreased at the late phase of the production cycle
(Bailie and O’Connell, 2015; Estevez et al., 2002; LeVan et al., 2000; Pettit-Riley and
Estevez, 2001; Ventura et al., 2012b). Sandilands et al. (2016) found a continued increase
in perch use until week 5. Martrenchar et al. (2000) reported a longer upward trend in use
of perches until week 6. Zhao et al. (2013) found accessibility of cool perches could reduce
footpad or hock burns and imporve the plumage cleanliness. Perches is also believed to
reduce the level of regression in the flock (Ventura et al., 2012b). No effect of accessing
perches on broiler lameness nor the prevalance of tibia dyschondroplasia due to the low
usage was observed (Bailie and O’Connell, 2015; Su et al., 2000). Reduction on the number
of disturnaces, i.e., pushing and trampling (Ventura et al., 2012b) can be observed when a
significant number of birds rest on perches. The concern of using perches is associated with
the occurrence of breast blisters (Nielsen, 2004) due to the broiler’s genotype and sex.

(3) Elevated platform

Elevated platform is another method of providing elevated structures for broilers to perch.
Different designs of platform have been studied and used in commercial farms (Table 1.2).
The most common design is a slatted mesh area accessible by a ramp. Higher usage of
platform than traditional perch was reported (Norring et al., 2016). The possible
explanation is that platforms with ramps are easier for broilers to access at different ages.
It is expected to improve the birds’ locomotion, thus benefits the leg health. Lower
prevalence and severity of tibial dyschondroplasia and lower mean gait score was observed
for birds have access to platforms (Kaukonen et al., 2017b). But no effect on broiler activity
was found compared with control group (Norring et al., 2016). Furthermore, footpad and
hock skin health and litter condition were not affected by platform (Kaukonen et al.,
2017a). Baxter et al. (2020) introduced different number of platforms (0, 8, 10 and 12) into
windowed broiler house and found lower level of avoidance behaviors in all platform
treatments compared with control, though no difference between different number of
platforms. Similar result was reported by Pedersen et al. (2017) that fearfulness level of
fast-growing broilers were lower when platform was used. In addition, no effect of platform
on bird vocalization volume, latency to approach peat, or play behaviors was observed
(Baxter et al., 2020).

1.3.2 Precision Livestock Farming (PLF)

Animal behavior determination is another method of animal welfare improvement. It has
been reported that animal behavioral and physiological responses could provide reliable
information regarding animal welfare (Mollenhorst et al., 2006; Nardone et al., 2004), such
as time budget of feeding and drinking, time spent on walking, walking ability, activity
level, etc. In addition, incidences of diseases (footpad dermatitis, hock burns, breast burns)
and production performance (mortality) could be other indicators.
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Table 1.1 Perch design for broilers in different studies.

Material Height Shape Angle Reference
. . 6 1Mo Ano LeVan et al. (2000); Pettit-
PVC pipes 8.5-35.5cm With crossbars 0°, 10°, 20 Riley and Estevez (2001)
Cooled steel
pipes (10°C) Round Zhao et al. (2012)
Wood 10.0-30.0cm  Rounded upper 0° Norring et al. (2016)
edges

PVC; wood 10.4cm Rounded edges 0°, 13° Hongchao et al. (2014)

Wood 15.0cm Roungg‘gie“pper 0° Bailie and O’Connell (2015)

Wood 12cm I-shape 0° Kiyma et al. (2016)

Wood 2.5-25cm I-shape 0° Su et al. (2000)

Wood 10cm E-shape 0° Ventura et al. (2010)
Cooled iron 7.5cm, 15cm Round 0° Estevez et al. (2002)
pipes (10°C) ) ’ )

Table 1.2 Elevated platform design for broilers in different studies.
Material Dimension Height Ramp Reference
Plastic mesh; Steel 30,57 5o 12-20em - Baxter et al. (2020)
perch
. . Kaukonen et al. (2017b);
Plastic mesh 120x60cm 30cm Two 15° ramps Norring et al. (2016)
Plastic mesh; Wood 120x60cm 15cm Two 15° ramps Yang et al. (2020)
structure
. 540x60cm 30cm Two 14.5° ramps Tahamtani et al. (2020);
Perforated plastic slats 540%60cm Scm -- Pedersen et al. (2020)
Slatted plastic floor; 4. 500 48cm Two23.5° ramps ~ Vasdal et al. (2019)
Metal legs
Plastic 480x60cm 10, 30, 50cm A 35° ramp Malchow et al. (2019)




(1) Definition of Precision Livestock Farming (PLF)

Traditional animal welfare assessments mainly rely on human observation. However,
assessing welfare in large poultry flocks efficiently and objectively, detecting potential
welfare risks and controlling or minimizing their impact is challenging. Therefore, the
concept of Precision livestock farming (PLF) was proposed. PLF aims to improve
production efficiency and animal welfare via developing a real-time, continuous and
automatic monitoring and managing system. In the last two decades, many precision
technologies have been developed for animal behavior determination and welfare
improvement, such as wearable sensors (accelerometers), microphones, radio-frequency
identification (RFID) and machine vision techniques.

(2) Sensor

A sensor is a device that detects the variations of the environment or the interested objects.
It converts a physical phenomenon into analog voltage or digital signal, thereafter, convert
into a readable display after processing. Sensors that were widely used for animal welfare
and behavior determination include accelerometers and microphones.

An accelerometer is an electromechanical device that measures acceleration forces. These
forces may be static, like the constant force of gravity, or they could be dynamic caused by
moving or vibrating the accelerometer. Accelerometers have been implemented to study
behaviors and motions of different animal species, such as beef cattle (Robert et al., 2009;
Watanabe et al., 2008; Williams et al., 2019; Wolfger et al., 2015), dairy cows (Diosdado
et al., 2015; Nielsen et al., 2010; Reiter et al., 2018), and sheep (Alvarenga et al., 2016;
Giovanetti et al., 2017) to recognize the behaviors of eating, drinking, ruminating, sitting,
standing, walking and lying. Some waterproofed accelerometers were deployed to detect
postures of fish (Brownscombe et al., 2014). The time budget of each behavior and the
activity level were determined through classification, and served as the indicator of animal
health (Pereira et al., 2018). By identifying abnormal behaviors, accelerometers showed
the possibility of detecting lameness of animals. Thorup et al. (2015) detected lameness of
dairy cows via leg-mounted accelerometers and pedometers. Kaler et al. (2020)
investigated the behaviors of lame and non-lame sheep using ear-attached accelerometers.
Similar research has been conducted on sows using ear tag-sampled acceleration data
(Scheel et al., 2017). In other research, accelerometers were also used as a tool of detecting
animal disease. For example, Tobin et al. (2020) deployed accelerometers on cattle to
identify Bovine Ephemeral Fever by calculating the movement intensity from three
dimensional accelerations.

Another type of sensor that is commonly used in livestock farm is the acoustic sensors
(microphones). Sound produced by animals is a type of language that animals used to
communicate with the outside world. Animal sounds can be used to determine not only the
performance, but also the health and stress of animals. Fontana et al. (2017) developed a
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model that could detect the body weight of broilers based on the peak frequency of
vocalization. The model was validated with high correlation (r = 96%) between expected
and observed body weights. Aydin and Berckmans (2016) designed a novel sound
monitoring system to detect the short-term feeding behaviors (meal size, meal duration,
meals per day and feeding rate) of broiler chickens at group level with the accuracy of 89—
95%. Except daily management, sound technologies also showed the potential of detecting
animal diseases, such as cough of dairy calves (Ferrari et al., 2010), sneeze (Carpentier et
al., 2019) and abnormal night vocalizations (Du et al., 2018) of poultry, stress (Moura et
al., 2008) and pain (Marx et al., 2003) of pigs, as well as the claw lesions of dairy cows
(Volkmann et al., 2019).

(3) Camera

Advancement of video cameras and machine vision techniques promote the application of
digital imaging technology in animal production. Cameras, as non-invasive and cheap
tools, have been intensively used to monitor and assess farm animal performance,
behaviors and welfare at either individual or group level.

Kashiha et al. (2014a) used image processing to monitor the weight and growth of fattening
pigs, yielded 97.5% accuracy at group level and 96.2% at individual level. Mollah et al.
(2010) and Mortensen et al. (2016) estimated the live body weight of broilers through 2D
or 3D cameras. For beef cattle, the digital image processing was more commonly used to
predict the body weight and carcass weight, as well as the body fat content of young bulls
(Gomes et al., 2016; Pradana et al., 2016). After the animal is slaughtered, identify and
grade the meat quality before sending it to the market is another critical indicator of animal
welfare. Generally, the determination of meat quality is carried out by authorized experts
through visual inspection, which is time-consuming and laborious. Andaya et al. (2019)
developed an automatic image processing system to classify meat samples based on
marbling formation. Felfoldi et al. (2013) also used image processing methods to measure
fat/meat ratio and fat distribution of pork and beef.

In respect of animal behaviors, camera-based system were applied for lameness detection,
activity determination and behavior identification. Zhao et al. (2018) analyzed leg swing
of cows using computer vision and developed an automatic locomotion score system to
predict lameness of cows with over 90% accuracy. Other lameness indicators of dairy cows
including step overlap (Pluk et al., 2010) and arc of back posture (Poursaberi et al., 2010a;
Viazzi et al., 2013) were also featured to describe the body movement and detect lameness
in recent studies. Flock activity monitoring using image processing have been investigated
for pigs (Costa et al., 2014; Kashiha et al., 2014c) and broilers (Van Hertem et al., 2018b).
The eYeNamic camera surveillance and software system (Fancom, Wilhelminastraat 17,
NL-5981 XW Panningen, The Netherlands), which can automatically and continuously
monitor the animal activity and floor distribution, suggesting the potential of assessing
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broiler lameness (Silvera et al., 2017). At individual level, numerous studies were
conducted on animal behavior recognition, such as feeding (Yang et al., 2018), mounting
(Li et al., 2019; Nasirahmadi et al., 2016), lactating (Lao et al., 2016; Yang et al., 2017;
Zheng et al., 2018) and tail biting (Liu et al., 2020) of pigs; feeding, standing (Porto et al.,
2015) and lying (Porto et al., 2013) behaviors of dairy cows; and mating of beef cattle (Tsai
and Huang, 2014).

Cameras can also be used to detect animal diseases. Zhuang and Zhang (2019) used image
processing to identify sick birds within flock in combination with deep learning algorithms.
Colles et al. (2016) detected chickens infected with microorganisms within 7 to 10 days
after hatch by using optical flow patterns. Jingqiu et al. (2017) reported that the recognition
rates of dairy cow hoof disease were greater than 80% by object recognition based on image
processing.

1.4 Objectives

In this dissertation, different types of PLF techniques were developed for broiler behavior
determination and welfare improvement. The dissertation is constructed by presenting five
studies that have been done during the PhD program. Each study was listed as one chapter.
Structure of the dissertation and objectives of each study were shown below.

Chapter I: Summarize the background of global and U.S. broiler production. Reviews
studies of precision technologies for animal behavior determination and welfare
assessment, including welfare enrichment, smart sensors and video cameras.

Chapter II: Evaluate the effects of using elevated platform and robotic vehicle individually
or jointly on broiler production performance, NH3 concentration, LMC, gait score (GS),
paw quality (PQ), plumage cleanliness (PC) and activity.

Chapter III: Classify specific broiler behaviors, including resting, walking, feeding and
drinking, by analyzing acceleration data using two machine learning models, KNN and
SVM.

Chapter IV: Determine the frequency ranges of six common sounds, including bird
vocalization, fan, feed system, heater, wing flapping and dustbathing in a commercial
broiler house over an eight-week production cycle. In addition, the frequencies of flapping
(in wing flapping events, flaps/sec) and scratching (during dustbathing, scratches/sec)
behaviors were examined through sound analysis.

Chapter V: Investigate the effect of sampling time interval (0.04, 0.2, 1, 10, 60, and 300 s)
on the accuracy of broiler Al. The effects of bird age (1-7 weeks), location (feeder, drinker,
and open area) and time of day (06:00-07:00 h, 12:00-13:00 h and 18:00-19:00 h) on broiler
Al were also examined.



Chapter VI: Identify the broiler gait score as affected by bird body weight, activity and
distribution for Cobb 500 and Ross 708 broilers. Prediction models based on body weight,
activity and distribution were developed for automatic gait score assessment.

Chapter VII: Discuss the application and significance of these studies in the field of poultry
industry, as well as the future of precision poultry farming.



CHAPTER I

Effects of Elevated Platform and Robotic
Vehicle on Broiler Production, Welfare, and
Housing Environment

This chapter has been published in Transactions of the ASABE.

Yang, X., Huo, X., Li, G., Purswell, J. L., Tabler, G. T., Chesser, G. D., ... & Zhao, Y.
(2020). Effects of Elevated Platform and Robotic Vehicle on Broiler Production, Welfare,
and Housing Environment. Transactions of the ASABE, 63(6), 1981-1990. (2021 ASABE
Superior Paper Award)
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2.1 Introduction

Broiler chickens are raised on floor housing system in the US. While the floor system
has been used for years, the living conditions of broilers are increasingly questioned along
with current public concerns on farm animal welfare. To address these concerns, animal
welfare groups have been progressively promoting environmental enrichments in broiler
houses. This movement has resulted in an increasing number of chain restaurants and
retailers sourcing poultry meat produced in housing with higher welfare standards. As such,
broiler producers are striving to improve the production environment to meet public
demands; however, they are facing challenges in multiple dimensions.

Examples of major challenges related to the broiler production environment include poor
litter and air quality, barren environmental complexity, and subpar animal welfare and
health. Broilers are commonly kept at large flock size in the houses, where litter moisture
content is gradually built up as birds grow. High litter moisture content may result in
elevated ammonia (NH3) concentration (Chai et al., 2018). Occupational agencies
(NIOSH) have recommended the eight-hour time-weighted average (TWA) NHj3 level not
exceed 25 ppm (NIOSH, 2007); however, NH3 concentration may exceed the TWA level
in commercial broiler houses at late phases of production cycles (Miles et al., 2004). Many
studies have shown that high NH3 concentration compromises welfare and health of both
caretakers and broilers (Kristensen and Wathes, 2000; Moore Jr et al., 1999; Olanrewaju
et al., 2007; Reece et al., 1981). Another problem with high litter moisture content is that
it could increase broiler footpad dermatitis (FPD) incidence and promote pathogenic
microorganism growth (Dunlop et al., 2016; Kyvsgaard et al., 2013). Plumage quality is
also negatively affected by poor litter quality (De Jong et al., 2014). Most broiler houses
only provide basic resources, such as feeders and drinkers, with few environmental
enrichments. Because of the barren environmental complexity, animal welfare groups
promote uses of a list of welfare enrichments to enhance the welfare standard in broiler
production environment. For instance, Global Animal Partnership (GAP) proposed a 5-
step program that requires broiler housing applying more enrichments to be qualified for a
higher welfare rating. However, it remains unclear whether and to what extent the
enrichments would improve broiler welfare and environment.

Elevated perching platform (EP) is one of the GAP-approved enrichments to
accommodate perching behavior of broilers. Compared to a traditional bar perch, EP with
ramps is easier for broilers to access at different bird ages and stocking densities (Pettit-
riley and Estevez, 2001). Norring et al. (2016) reported that EP could improve bird leg
health and walking ability. However, using EP alone did not improve activity, which is
another critical parameter of farm animal welfare. Some poultry robots have been
developed and commercialized to stimulate birds’ activity (Tibot, Tibot Technologies,
Brittany, FR). The robot application may also have potential to increase the spatial
awareness of broilers, thus encouraging their use of EP. However, the benefits of applying

11



EP and RV cooperatively towards welfare and environmental improvement in broiler
production have never been scientifically addressed.

The objective of this study was to evaluate the effects of using an elevated perching
platform and robotic vehicle individually or jointly on broiler production performance,
NH3 concentration, litter moisture content (LMC), gait score (GS), paw quality (PQ),
plumage cleanliness (PC) and activity. A removable manure catcher was installed under
the platform to collect manure dropping from broilers staying on the platform. This
additional component is expected to reduce the litter moisture content and indoor ammonia
concentration by removing part of room-level manure production on a regular basis.

2.2 Materials and Methods

2.2.1 Bird husbandry

Four experimental rooms were used, each measured 3.8 x 1.5 x 2.1 m (Lx W x H). Six
nipple drinkers (9 birds/drinker) were installed in each room. Two tube feeders (4.2
cm/bird) were used before the implementation of EP, one of the feeders was replaced by
the open feeder trough that equipped on EP (fig.1) after week 3 (5.2 cm/bird). Litter was
collected from a commercial broiler house, mixed well, and placed onto the floor at around
10 cm depth. Two hundred and sixteen (216) Ross 708 chicks were procured from a
commercial hatchery and equally assigned to four experimental rooms (54 birds/room,
male:female = 50:50). Vaccination and feeding programs (4-phase) followed typical
commercial practice. Feed and water were provided ad libitum. A commercial-type corn-
soy diet (Dozier III et al., 2007) formulated to meet or exceed the requirements of National
Research Council (1994) was provided. Birds were kept in the experimental rooms from
day old to 8 weeks of age. Temperature was maintained at approximately 32°C at the start
of experiment and was reduced as birds grew with a final temperature set point of 22°C on
38d and thereafter. The ventilation rates in all rooms were kept the same. The lighting
schedule was set to 23L:1D at 30 lux light intensity from 1d to 7d, 20L:4D at 10lux from
8d to 27d, 16L:8D at 5 lux from 28d to 53d, and 23L:1D at 5 lux from 54d to 56d. All
experimental procedures were approved by the USDA-ARS institutional animal care and
use committee at the Mississippi State, Mississippi location.

2.2.2 Elevated Perching Platform (EP)

The EP (Fig. 2.1) was built with wood frames and plastic mesh (hole size: 1 x 1 cm). The
dimension of the horizontal section was 120 x 60 x 15 cm (LxWxH). Two 15-degree ramps
were attached to the sides of the horizontal section, allowing bird access to the platform
from both sides. An L-shape feed trough was installed above the EP to provide additional
feed and encourage more broilers to use the EP. Manure defecated by birds standing on EP
was collected by a removable manure catcher and cleaned out every two to three days (three
times per week).
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2.2.3 Robotic Vehicle (RV)

A variable-speed RV (Lynxmotion Aluminum A4WDI, Lynxmotion Inc., Mirabel,
Canada) with a remote controller (Spektrum DXe Transmitter System with AR620
Receiver, Spektrum Horizon Hobby Inc., Champaign, IL) was used. The overall dimension
of RV including caterpillar track was 32 x 24 x 10 cm (L x W x H). The speed of the RV
was adjustable and can max out at 0.8 m/s. The payload of the RV was 2.3 kg.

2.2.4 Experimental Design

Each experimental room was randomly assigned with one of the four treatments: with EP
only (EP), with RV only (RV), with EP and RV (EP+RV), and with neither EP nor RV
(Ctrl). Starting from week 2, the RV was operated four times a day. The four operations,
each lasting 10-min, were performed within two hours. The RV roamed on the litter floor
at a speed of ~0.2 m/s. The EPs were introduced to broiler rooms at the end of week 2 to
enhance bird safety. The RV ran only in the open litter areas, but not on the EPs. The
experiment was repeated three times. The first trial (replication 1) was conducted during
August to October 2018, and the second trial (replication 2 & 3) was conducted during
January to March 2020.

2.2.5 Measurements
(1) Production performance

The bird body weight and feed intake (FI) was measured by rooms every two weeks to
calculate body weight gain (BWG) and feed conversion ratio (FCR).

(2) Use of Elevated Perching Platform

The number of broilers on EP before (06:00 h), during and after (12:00 h) RV operation
period were counted manually (one day per week, 30 min per day, and 10 min per
counting). The broiler was considered on the platform only when it was standing or sitting
on the platform with both feet. Use of EP will be expressed as the percentage of broilers
on the platform.

(3) Litter moisture content

Litter moisture contents (LMC) were determined in the experimental rooms every two
weeks. In each room, three litter samples were collected at different locations in the open
litter area, and three additional samples were collected underneath the EP in rooms with
EP. Each sample (around 40 g) was a composite of three subsamples collected within a 10
x 10 cm area. All subsamples were collected from the surface layer at 0-4 cm depth. The
litter samples were weighed using an analytical balance (0.01 g precision) immediately
after being fully mixed by shaking, and again after oven-dried at 105 °C for 24 hours. The
normalized LMC, which represented the room level LMC by assuming homogeneous mix
of litter in the open litter area and area underneath EP, was calculated using Equation 2.1.
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LMC,, X Sy, + LMCgp X S (2.1)
LMCnorm — op op EP EP

STOO‘ﬂl

Where:

LMChorm = normalized litter moisture content, %;

LMC,p = litter moisture content of the open litter area, %o;
LMCkp = litter moisture content underneath EP, %;

Sop = area of open litter area, m?;

Skp = area of EP, m?;

Sroom = area of experimental room (Sop + Sgp), m>.

(4) Gas concentration

Concentrations of NH3 in the rooms and the supply plenum were monitored continuously
by Innova multi-gas analyzer (model 1412, Innova AirTech Instruments, Denmark)
(Purswell et al., 2018). The sampling cycle of Innova was set to 30 s. To ensure
measurement of the accurate concentration values, considering the response time of the
analyzer, each room was sampled for 12 minutes, with the first 11 minutes for stabilization
and the last minute for measurement. This sequential measurement yielded hourly data of
gaseous concentrations. A measurement and control data logger (CR1000, Campbell
Scientific Inc., Logan, UT) was used to switch among sampling tunnels and record the
data.

(5) Welfare Assessment

Scores of GS, PQ and PC for 16 broilers (8 males + 8 females) were determined in each
experimental room at 4 and 8 weeks of age. Assessment procedures described in Welfare
Quality Assessment Protocol (Welfare Quality, 2009) and American Association of Avian
Pathologists (AAAP) were followed. For GS, broilers are classified into three different
score levels with ‘0’ being capable to walk at least 1.5 m with a balanced gait (slightly
awkward but no effect on accessing resources will be included), ‘1’ being able to walk over
1.5 m with clear limp, and ‘2’ being not able to walk 1.5 m. For PQ, broilers were assigned
with a score from ‘0’ to ‘2°, with ‘0’ being no lesion or slight discoloration of skin, ‘1’
being lesion area < 50% footpad area, and ‘2’ being lesion area > 50% footpad area
(including lesions on the toes). The PC of broilers was scored from ‘0’ to ‘3°, with ‘0’ being
white plumage without caked dirt, ‘1’ being light brown plumage without caked dirt, ‘2’
being brown plumage with small caked dirt, and ‘3’ being dark plumage with large caked
dirt.

(6) Broiler Activity

Bird activity index (Al) before, during, and after RV operation period were determined via

image processing in MATLAB (2018b, The MathWorks, Inc. Natick, MA). To that end,
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video files recorded by a ceiling-mounted camera (NHD-850, Swann, CA, US) in each
room were firstly converted into grayscale images (3 frames per second). Same 900 x 700-
pixel areas (Fig. 2.2a and Fig. 2.22°) in the grayscale images were then cropped out. The
total bird-representing pixels within the area (Fig. 2.2b and Fig. 2.2b’) and the pixel change
in two consecutive images (Fig. 2.2¢) were segmented and quantified. Broiler Al was
calculated as the ratio of bird-representing pixel change to total bird pixels.

2.2.6 Data Preparation and Statistical Analysis

Feed consumption of mortality was included in the calculation of FCR. The treatment
effects on BW, BWG, FI and FCR were tested by age. Percentage of broilers using the EP
was determined. The effects of RV operation on the use of the EP at different time periods
were tested. The age effects of the use of EP was also tested. The NH3 level was
summarized as the daily average concentration of rooms with or without EP. Weekly
average NH3 concentration was used for multiple comparisons. Data of welfare assessment
(GS, PQ and PC) were converted into the percentage of broilers at each score level of each
room. The average scores of each room were calculated, as well. The treatment effects on
broiler welfare were tested separately in week 4 and week 8. For the broiler Al treatment
effects on overall Al and Al at different time periods were tested. Due to the limited sample
size, non-parametric test (Kruskal-Wallis test) was used to analyze the overall welfare
scores. The rest of data were analyzed as a completely randomized design using PROC
MIXED procedure of SAS software (SAS v9.4, SAS Institute, Inc., Cary, N.C.). Significant
difference of multiple comparisons of group means was defined as p < 0.05.

2.3 Results

2.3.1 Production Performance

Table 2.1 shows the BW, BWG, FI and FCR summarized at weeks 2, 4, 6 and 8 in the four
experimental rooms. In general, BW, BWG, FI and FCR in four rooms increased as birds
grew older. No significant difference of BW, BWG or FI was found among treatments and
control. Significant higher FCR in Ctrl room was observed compare with RV (p = 0.019)
and EP+RV (p = 0.049) room by week 2. However, no significant difference on FCR was
observed among treatment and control rooms later on.

2.3.2 Use of Elevated Perching Platform

No significant difference in percentage of broilers on platform was observed (p > 0.05)
before and after RV operation. However, during RV running, percentage of birds on the
platform in EP+RV (47.6%) room was significantly (p < 0.0001) higher than EP (30.2%)
room (Fig. 2.3a). Over the flock, the average percentage of broilers on platform in EP+RV
(37.2%) room is significantly (p < 0.0001) higher than EP (31.2%) room (Fig. 2.3b).
Percentage of broilers using EP continuously increased from 3 to 5 weeks of age in both
EP (p = 0.0006) and EP+RV (p < 0.0001) room, and slightly decreased (p > 0.05) after
week 6 (Fig. 2.4). Although the effect of RV started to decrease after week 4 based on Al
16



Binarization

Subtraction

Binarization

Figure 2.2 Image processing for bird activity index analysis. (a) current cropped-out grayscale image;
(a’) consecutive cropped-out grayscale image; (b) current binary image showing bird-representing pixels in
white; (b”) consecutive binary image showing bird-representing pixels in white; (c) binary image showing

changes of bird-representing pixels in two consecutive frames (b’ —b).
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Table 2.1 Body weight (BW), body weight gain (BWG), feed intake (FI) and feed conversion ratio

(FCR) summarized at week 2, 4, 6 and 8 in the treatment and control experimental rooms.

( V‘éege‘;{) Ttems EPL RV EP+RVI¢] Ctrlld) SEMI®]
BW, g bird 392.4 3983 398.1 386.4 12.8
5 BWG, g bird ! day ! 24.8 25.2 25.2 24.4 0.8
FI, g bird "' day ! 30.9 30.9 31.1 31.3 0.9

FCR 1.248 2be 1.224¢ 1.238 be 1.287° 0.015

BW, g bird 1331.6 1337.2 1310.5 1323.6 27.1
A BWG, g bird ! day ! 45.9 46.1 452 45.6 1.0
FI, g bird "' day ! 66.6 66.7 65.8 66.3 2.2

FCR 1.452 1.447 1.457 1.453 0.025

BW, g bird 2389.7 2392.7 23443 2391.1 453
6 BWG, g bird ! day ! 55.8 55.9 54.7 55.8 1.1
FI, g bird ' day ! 96.6 96.5 94.8 96.4 1.0

FCR 1.731 1.726 1.732 1.727 0.041

BW, g bird 3751.2 3761.4 3699.8 3799.6 31.5

o BWG, g bird ! day ! 66.2 66.4 65.2 67.0 0.6
FI, g bird "' day ! 119.5 119.7 117.2 120.0 0.9

FCR 1.806 1.804 1.797 1.791 0.007

[a] Treatment room with elevated perching platform only; [b] Treatment room with robotic vehicle only; [c]
Treatment room with both EP and RV; [d] Treatment room with neither EP nor RV. [e] Pooled SEM for
main effects of bird age; ** Means in the same row with different superscripts are different (p < 0.05).
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results, use of EP in the EP+RV room was still numerically greater than the EP room (Fig.
2.4).

2.3.3 Litter Moisture Content

Table 2.2 shows the normalized LMC of four treatments at different bird ages. No
significant difference was observed among four rooms before the placement of EP (week
3). In week 4, LMC of EP and EP+RYV rooms were significantly lower than RV room (p =
0.011 and p = 0.007, respectively). In week 6 and week 8, two rooms with EP had
significantly lower LMC than those without (p < 0.03 for all).

2.3.4 Ammonia Concentration

Daily NH3 concentrations in the rooms with and without EPs are shown in Figure 2.5 No
significant difference was observed between two groups with or without EPs by week 6.
In week 7, the NH3 level of rooms without EPs was significantly higher (p = 0.002) than
rooms with EPs, and the difference continuously expanded till week 8 (p < 0.0001).
concentration exceeded 25 ppm.

2.3.5 Welfare Assessment

All broilers had GS of ‘0’ at weeks 4 and 8 of age, except for one in EP room got score ‘1’
in week 8 (Fig. 2.6). Over the flock, more than 99% broilers scored 0’

In week 4, all broilers in two rooms with EP had no footpad lesion (score ‘0’) while 4.1%
broilers in RV and 6.3% broilers in Ctrl rooms had intermediate (score ‘1’) or severe (score
‘2’) lesions (Fig. 2.7a). At week 8 of age, occurrence of footpad lesion in EP room was 0,
while 12.5% broilers in RV room, 6.3% broilers in EP+RV room and 6.3% broilers in Ctrl
room had intermediate or severe lesions (score ‘1’ or ‘2”) (Fig. 2.7b). The average PQ score
in rooms without EPs was 0.11, while rooms with EPs was only 0.01 by the end of the
flock.

At 4 week of bird age, 66.7% broilers scored ‘0’ on PC in EP+RV room, while 50%
broilers in EP room, 54.6% broilers in RV room and 54.2% broilers in Ctrl room scored
‘0’ (Fig. 2.8a). In week 8, in EP and EP+RV room, proportions of broilers with score ‘2’
or ‘3” were 25% and 22.9%, respectively (Fig. 2.8b). However, 31.3% broilers in RV room
and 58.3% broilers in Ctrl room scored ‘2’ or ‘3’. Most severe plumage condition (score
‘3’) was only observed in EP (8.3%) and Ctrl (6.3%) rooms (Fig. 2.8b). Proportions of
broilers scored ‘0’ in EP (20.8%) and EP+RV (22.9%) rooms were higher than RV (14.6%)
and Ctrl (4.2%) rooms in week 8 (Fig. 2.8b). The average PC score of EP+RV room (1.00)
was numerically lower than Ctrl room (1.60) in week 8.

2.3.6 Activity

In general, broiler Al in RV and EP+RV room were significantly higher than Ctrl (p =
0.003 and p = 0.0008) room. Significant higher broiler Al was also found in EP+RV (p =
0.017) compare with EP room. During the 40-min RV operation period, broiler Al in RV
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Figure 2.4 Weekly average percentage (mean + SD) of broilers on platform in treatment (w/ elevated
perching platform only ‘EP’, and w/ both EP and RV ‘EP+RV”). **°Means with different superscripts in
the same series are different (p < 0.05). AB Means with different superscripts in the same series are different
(» <0.05).

Table 2.2 Normalized litter moisture content in the treatment and control experimental rooms over the
production cycle. Elevated perching platforms were placed in the room at the end of week 2; and the

robotic vehicle started operating in the beginning of week 2.

Age of Mean normalized litter moisture content (%)
birds EPL RV EP+RVI! Ctrl SEMH
(week)
0 6.5 7.0 6.4 6.9 2.1
2 14.0 14.3 13.2 13.9 3.2
4 16.0%¢ 20.6* 15.6°¢ 18.9 1.0
6 20.5° 29.9¢ 20.9° 27.3¢% 1.3
8 23.2° 32.82 23.5° 35.72 2.6

[a] Treatment room with elevated perching platform only; [b] Treatment room with robotic vehicle
only; [c] Treatment room with both EP and RV; [d] Treatment room with neither EP nor RV; [e]
Pooled SEM for main effects of bird age; ** Means in the same row with different superscripts are
different (p < 0.05).
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Figure 2.6 Distribution of broiler gait score (GS) in the treatment (w/ elevated perching platform only
‘EP’, w/ robotic vehicle only ‘RV’, and w/ both EP and RV ‘EP+RV”) and the control rooms. Score ‘0’
means the best waking ability, and score ‘2’ means the worst. Number on the top of each bar means

average score of each treatment. (a = week 4; b = week 8)
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Figure 2.7 Distribution of broiler paw quality (PQ) in the treatment (w/ elevated perching platform only
‘EP’, w/ robotic vehicle only ‘RV’, and w/ both EP and RV ‘EP+RV”) and the control rooms. Score ‘0’
means the best footpad condition, and score ‘2’ means the worst. Pooled SEM for main effects of score
level was listed in the table. Number on the top of each bar means average score of each treatment. (a =

week 4; b = week 8)
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Figure 2.8 Distribution of broiler plumage cleanness (PC) in treatment and control rooms at weeks 4 (a)
and 8 (b) of bird age. Plumage cleanness is score 0-3, with score ‘0’ being best and score ‘3’ being worst.
Pooled SEM for main effects of score level was listed in the table. Number on the top of each bar means

average score of each treatment. ab Means with different superscripts are different (p < 0.05). (a = week 4;
b = week 8)
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and EP+RV rooms was significantly higher (p < 0.0001) than that in Ctrl room (Fig. 2.9).
No significant difference was observed among four rooms before and after RV operation
(Fig. 2.9). Continuous increase of broiler Al was observed in rooms with RV from week 2
to week 4 and started to decrease thereafter.

2.4 Discussion

The application of EP and RV has no adverse effect on broiler production performance
based on Table 2.1. Similar results were reported by Bailie et al. (2018) that platforms has
no effect on slaughter weight of broilers.

Daily operation of RV can encourage more birds to use the EP. The slight decrease in EP
usage after week 6 probably due to the broilers were larger and there was not enough room
for more birds to use as before. Another factor reduced EP use by older birds could be their
increased body weight that impeded them from climbing high. Ventura et al. (2012a) and
Bailie and O’Connell (2015) reported the peak of perching rate of broilers was 4-5 weeks
and gradually decreased thereafter.

The EP reduced the increase of LMC effectively in our study. However, Kaukonen et al.
(2017b) reported that litter condition and quality were not affected by the platform. This
conflicting observation could be explained by the additional manure catcher that was added
underneath the platform. Manure that accumulated on the catcher, as well as under the two
ramps, was cleaned manually three times per week. Assuming a consistent 30% of the birds
using the platform (see section “Use of elevated platform™), about one third of the manure
could be removed out of the room which significantly reduced the LMC. It should be noted
that adding manure catcher to the EP would inevitably increase the system cost. However,
such cost could be potentially compensated by a series of benefits, such as reduced NH3
concentration and improved PQ, due to lower LMC. An economic analysis is, thus,
warranted for commercial production. While this study proved the benefits of using the
manure catcher with EP, application of manure catchers at commercial scale would rely on
automated operations, rather than manual operations practiced in this lab-scale study.

The EP with manure catcher effectively reduced the NH3 concentration in broiler houses
during the last two weeks of the flock. No significant difference on daily NH3
concentrations was observed until week 6. This was likely because the LMC in the first 6
weeks was not high enough for significant increase of NH3. Carr et al. (1990) commented
that NH3 volatilization significantly increased when the LMC was higher than 30%. The
LMC in rooms without EPs increased to 30% during week 6-8 in our study, which is
consistent with the time that the NH3 difference was observed. The big difference of NH3
level in rooms with/without EP was mainly because the manure catcher. Cleaning manure
catcher periodically enlarged the difference of LMC between rooms with or without EPs
during the last two weeks. High LMC may increase the conversion rate of uric acid in
manure to ammonia-N (Sims and Wolf, 1994), therefore, leading to higher NH3
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Figure 2.9 Broiler activity index in treatment (w/ elevated perching platform only ‘EP’, w/ robotic
vehicle only ‘RV’, and w/ both EP and RV ‘EP+RV’) and control rooms before, during, and after the robot

operation period.
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volatilization from manure (Elliott and Collins, 1982; Liu et al., 2007). The NHj3
concentration in non-EP rooms exceeded NIOSH recommended threshold (25 ppm) and
reached 43 ppm by the end of flocks. In EP rooms, the NH3 level was largely reduced and
ended with 26 ppm. For commercial production, body weight of broilers and FCR are
among the most critical aspects of broiler production affected by elevated NH3. It was
reported that broilers exposed to 50 or 70 ppm NH3 were significantly lighter than 0 or 25
ppm in week 4 and week 8, but no significant difference was observed for FCR (Miles et
al., 2004). Quarles and Caveny (1979), however, found neither birds weight nor FCR was
affected by 50 ppm NH3 in week 8. Similar results were obtained in our study, there was
no significant difference on body weight or FCR among different rooms when NHj3
concentration exceeded 25 ppm.

Majority (>90%) of the broilers had good walking ability (GS = 0) in our study. However,
as a major welfare issue of broilers chickens that may cause economic loss, the prevalence
of lameness in commercial houses could be much higher. Previous field research reported
that over 90% broilers demonstrated at least some degree of lameness between 6-7 weeks
of age (Kestin et al., 1992). Knowles et al. (2008) also reported at mean age of 40 days,
over 27.6% birds showed poor locomotion and 3.3% were almost unable to walk. The
difference between the results may due to husbandry practices (Edwards Jr and Sorensen,
1987), management, nutritional approaches (Waldenstedt, 2006) and genetic factors
(Kestin et al., 1992). In addition, gait score assessment is mainly relied on human
observation and the assessor’s interpretation of the protocol, which would yield subjective
results. Comparison of these results among studies could be difficult, if not impossible,
because of inherent human errors and variations in assessment protocols. Therefore,
precision poultry farming technologies, e.g. motion sensors (Stevenson et al., 2019) and
video monitoring systems (Aydin et al., 2010), that can evaluate the poultry welfare
objectively and precisely are urgently needed.

The EP with manure catcher may improve broiler PQ. Previous studies showed very high
incidences of footpad lesion caused by FPD. For example, Allain et al. (2009) found over
90% intermediate and deep FPD. However, another study in northern Europe (Haslam et
al., 2007) only showed 11% prevalence which is similar to our results. The same study also
showed very high variability, with FPD ranging from 0% to 71.5%, indicating a high
prevalence in some flocks. The reason of FPD is multifactorial, which involves genetics,
nutrition, housing environment, etc.(Shepherd and Fairchild, 2010). Among these factors,
LMC appears to be the most important contributor (De Jong et al., 2014; Martland, 1985;
Shepherd and Fairchild, 2010). The design of manure catcher reduced LMC and EP offered
broilers opportunities to temporarily stay away from litter, which may potentially help to
decrease the prevalence of FPD. As the results shown the average PQ score in rooms
without EPs was 0.11, while rooms with EPs was only 0.01 by the end of the flock. The
increases of exportation of chicken paws to Asia make FPD a great concern in broiler
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production. This demand has turned paws into the third most important economic chicken
part and accounted for approximately $280 million in 2008 (Council, 2019). Lesions
caused by FPD not only degrade paw products, but also negatively affect the health and
welfare of broilers (Haslam et al., 2007). Our EP showed the possibilities of improving PQ
of broilers. The overall PQ scores of EP and EP+RV rooms were numerically lower than
Ctrl room over the flock, which probably because the manure catcher and RV operation
Broilers were encouraged by RV and migrate to EP, therefore reduced the time of broilers
contact with litter. On the other hand, exposed litter to ventilation for a longer period of
time may help to maintain it dried, thereafter benefit birds’ welfare.

The application of EP and RV had the potential of improving the PC of broiler chickens,
especially when used jointly. In general, PC degraded as broilers grew older, which is
mainly due to the increase of LMC (De Jong et al., 2014; Federici et al., 2016) and time of
birds lying on the floor. Plumage plays a major role in insulating the body of the bird. Clean
and well-covered plumage can protect broilers from moist dirt and skin infections
(Stephenson et al., 1960; Welfare Quality, 2009). On the other hand, plumage can optimize
energy metabolism and feed efficiency of broilers at cool condition (Herreid II and Kessel,
1967; Leeson and Walsh, 2004). Higher proportions of broilers scored ‘0’ in EP and
EP+RV rooms as compared with RV and Ctrl rooms in week 8 (Fig. 2.8b) was observed
in our study. It may be because EP provides broilers a cleaner surface to rest, which may
help to keep plumage clean. Furthermore, the results also indicate the operation of RV can
contribute to better PC condition by reducing the time of birds contacting with litter. The
average PC score of EP+RV room (1.00) was numerically lower than Ctrl room (1.60) in
week 8, which indicated the potential of using EP and RV jointly to keeping broilers
plumage clean.

The operation of RV could effectively improve the activity level of broilers. Previous
studies have shown that increasing environmental complexity may improve activity, thus,
improve both physical and psychological well-being in farm animals (Bizeray et al., 2002;
Mench, 1998; Ventura et al., 2010). Elevated structures could increase spatial awareness
of broilers and excite more locomotive behaviors like jumping and walking up and down
hills. However, several studies (Bailie and O’Connell, 2015; Norring et al., 2016;
Rodriguez-Aurrekoetxea et al., 2015) and our results failed to show an increase in birds
activity level by only using EP. But the current study illustrated that combining static (EP)
and dynamic (RV) objects may effectively promote broiler physical activity. Continuous
increase of broiler Al was observed in rooms with RV from week 2 to week 4. The decrease
after week 4 is probably due to broilers were adapted, thus less avoidant, to the RV after a
few weeks of operation. Moreover, the broilers became less active as they grew older and
heavier. Parajuli et al. (2020) determined the broiler-RV avoidance distances and reported
similar results, that is, less bird avoidance to RV for older broilers. Warning signals could
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be considered to sustain the effect of RV on activity encouragement, such as playing sound
or adding light beam to RV.

2.5 Conclusions

In this study, the effects of elevated perching platform and robotic vehicle on broiler
production, welfare and housing environment were examined over eight-week production
cycles. We conclude that using elevated perching platform with manure catcher reduced
litter moisture content and ammonia concentration. Robotic vehicle encouraged bird
movement and improve the use of platform. Using elevated perching platform and robotic
vehicle jointly improved broiler paw quality and plumage cleanliness.
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CHAPTER III

Classification of Broiler Behaviors Using
Triaxial Accelerometer and Machine Learning

This chapter has been published in Animal.

Yang, X., Zhao, Y., Street, G. M., Huang, Y., To, S. D. F., Purswell, J. L. (2021).
Classification of Broiler Behaviors Using Triaxial Accelerometer and Machine Learning.
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3.1 Introduction

Behaviors are observable and measurable indicators of animal adaption to environmental
stimuli. Studying animal behaviors may help to assess animal physiological status (Muri
et al., 2019), well-being conditions (Aydin, 2017b; Granquist et al., 2019), and its
preference of housing systems (Kaukonen et al., 2017b; Norring et al., 2016). To determine
animal behaviors objectively and precisely, some precision agricultural tools have been
applied, such as global positioning system (GPS) (Weber et al., 2015), electronic
identification transponders (EIDs) (Brown-Brandl, 2019; Li et al., 2020), and video
cameras (Aydin et al., 2010; Pereira et al., 2013; Yang et al., 2020). Three-dimensional
accelerometers are also being increasingly used for quantification of bird spatial
movements due to their characteristics of small physical size, light weight, low cost, and
high resolution.

An accelerometer is an electromechanical device that measures acceleration forces. These
forces may be static, like the constant force of gravity, or they could be dynamic caused by
moving or vibrating the accelerometer. Accelerometers have been implemented to study
behaviors and motions of different animal species. For example, accelerometers were
mounted to beef cattle (Robert et al., 2009; Watanabe et al., 2008; Wolfger et al., 2015)
and sheep (Alvarenga et al., 2016; Giovanetti et al., 2017) to classify the behaviors of
eating, ruminating, sitting, standing, walking and lying. Some waterproofed accelerometers
were deployed to detect posture of aquatic animals, such as seals (Iwata et al., 2012) and
fish (Brownscombe et al., 2014). Research that uses accelerometers to detect broiler
behaviors has not been widely done.

Machine learning is a popular method for accelerometer-based animal behavior
classification. Many algorithms have been investigated in previous studies, such as neural
network (Banerjee et al., 2012), discriminant analysis (Barwick et al., 2018), decision trees
(Tamura et al., 2019), k-nearest neighbor (KNN) (Sakai et al., 2019; Sur et al., 2017), and
support vector machine (SVM) (Benaissa et al., 2019; Mansbridge et al., 2018). Most of
aforementioned studies are about the behavior classification for sheep or dairy cows, which
cannot be directly translated to broilers. Therefore, the performances of broiler behavior
classification using accelerometers and machine learning models are warranted.

Sliding window is a common data segmentation method for activity recognition (Bulling
et al., 2014). In this approach, a window is moved through the time series data to segment
data which are then used to generate features for use as training and testing datasets. It is
important to select a proper window length in order to guarantee accurate behavior
classification while maintaining efficient usage of computational resources (Robert et al.,
2009). Fida et al. (2015) processed human physical activities using different window
lengths and found that 1.5-s window length showed the best performance. Banos et al.
(2014) compared the recognition performance of window lengths ranged from 0.25 s to 7
s in the steps of 0.25 s. Their results showed that shorter windows normally resulted in
30



better performance in recognizing human behaviors, and window length of 1-2 s was
preferable considering the balance between processing speed and accuracy. For animals,
Decandia et al. (2018) reported that 30-s window length yielded the most accurate results
in classifying sheep behaviors. Diosdado et al. (2015) found a small increase in behavioral
classification accuracy of dairy cows at a window length of 10 min as compared with 1 and
5 min.

The objective of this study was to classify specific broiler behaviors, including resting,
walking, feeding and drinking, by analyzing acceleration data using two machine learning
models, KNN and SVM. The performances of the two models as affected by window
length (1, 3, 5, 7, 10 and 20 s) and number of broilers involved in the training dataset were
also evaluated.

3.2 Materials and Methods

3.2.1 Housing, Animals and Management

Total 324 Ross 708 broilers were evenly assigned to six rooms (54 birds/room) at the
stocking density of 0.1m2/bird. Nine broilers (tagged as No.1-9) at 7 weeks of age were
randomly selected for this study (1 bird in room 1, and 2 birds in rooms 2-5). Two cameras
were installed to the ceiling of each room to monitor the behaviors of broilers. Six nipple
drinkers and two tube feeders were installed in each room. Feed and water were provided
ad libitum. All procedures of animal care and handling were approved by USDA-ARS
Institutional Animal Care and Use Committee at Mississippi State.

3.2.2 Accelerometer

Lightweight triaxial accelerometers (DDAMTT, 27x26x10 mm, 3.0 g, £16 gravity,
Wildbyte Technologies Ltd., Swansea, UK) were used to detect the movement of
individual broilers with the sampling frequency of 40 Hz. Each accelerometer was powered
by a Li-Po battery (3.7 v, 300 mAh, LP402530, 35 x 20 x 4 mm, 5.0 g) (Fig. 3.1a), which
was able to sustain the data logging for about 72 hours. Each pair of accelerometer and
battery was sealed in a 3D printed box (38 x 32 x 18 mm) (Fig. 3.1b) and mounted to the
back of broiler using a chicken harness (Valhoma Corporation, Tulsa, OK) (Fig. 3.1¢). The
broiler accelerations in the directions of forward and backward (X), left and right (Y), and
up and down (Z), were recorded. The 3D acceleration data were stored in a Micro SD card
and exported as excel files using the companion software (Animal Motion Visualization,
Wildbyte Technologies Ltd., Swansea, UK).

3.2.3 Behavior Description and Labelling

Four specific bird behaviors, including resting, walking, feeding and drinking, were
examined in this study. Resting is considered as a bird is sitting on the litter or standing
still. Feeding involves activities of both picking-up feed from feeder and swallowing
behavior. Drinking is identified as a broiler is pecking at a nipple drinker. Figure 4.2 shows
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(b)

Figure 3.1 Pictures of an accelerometer with a battery (a), a sensor case (b), and a broiler carrying an

accelerometer (c).
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an example of triaxial accelerations for specific broiler behaviors. Resting behavior (Fig.
3.2a) is represented by steady acceleration curves in all three dimensions. Walking
behavior (Fig. 3.2b) is identified as profound fluctuating acceleration curves in all three
dimensions. Feeding behaviors (Fig. 3.2¢) show more fluctuations in forward-backward
directions as compared to drinking behaviors (Fig. 3.2d), and their baselines (or
equilibrium) are slightly different, possibly because broilers need to raise heads to drink
but bow to eat.

Labeling of the sensor data was done by observing broiler behaviors in recorded videos for
all sliding windows. Table 3.1 lists the number of labelled records of each behavior. It has
been shown that unbalanced datasets may compromise the classification accuracy,
particularly for the minority class (Amrine et al., 2014; Weiss and Provost, 2003).
Therefore, same training dataset size for different behaviors was used in our study. Total
124.4 min (298,560 records) of raw acceleration data were labeled for training, 78.4 min
(188,160 records) for pure behavior testing and 58.8 min (141,120 records) for continuous
behavior testing. Pure behavior dataset involved single type of behavior during each time
period, while continuous behavior dataset was labelled based on continuous recording and
involved at least three behaviors within each time period. A window may include multiple
behaviors when labeling continuous behavior dataset. In this circumstance, the window is
labelled to the predominant behavior (the behavior amounts to over half of the data in the
window). A window without a predominant behavior was labelled as undefined behavior.

3.2.4 Feature Extraction

Feature extraction was conducted using MATLAB (2018a). Eight instantaneous features
including three-dimensional accelerations, magnitude area, vector magnitude, movement
variation, energy and entropy were calculated using formulas listed in Table 3.2, where i
is the record index. Different window lengths (1, 3, 5, 7, 10 and 20 s) with 50% overlap
were applied to eight instantaneous features and the mean, variation, standard deviation,
minimum, maximum of each feature and two-way correlations of 3D accelerations were
calculated within each window (Fig. 3.3). Total 43 statistic features of each window were
calculated to train classification models.

3.2.5 Machine Learning Models

The broiler behavior classification models were developed using Statistics and Machine
Learning Toolbox in MATLAB (2018a). Classification algorithms examined in this study
were KNN and SVM. KNN is a non-parametric and lazy learning algorithm which is
theoretically mature with low complexity. Lazy learning algorithms simply store the
training data without learning from it and wait until a testing data appear. It classifies an
input data point based on the distance between itself and its nearest K data points in the
training dataset (Cover and Hart, 1967). SVM uses kernel functions and hyperplanes as a
decision boundary to separate data into classes in a n-dimensional spaces. Multi-class
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Figure 3.2 Example acceleration signals of broiler resting (a), walking (b), feeding (c¢) and drinking (d)

behaviors in forward-backward, left-right, and up-down directions.

Table 3.1 Number of records and equivalent time labelled for model training and testing

Dataset Bird ID Total time labelled (min) Number of records
1 23.6 56,640
3 21.6 51,840
Training 5 32.0 76,800
7 17.2 41,280
9 30.0 72,000
2 24.0 57,600
. . 4 17.6 42,240
Testing (pure behavior) 6 172 41.280
8 19.6 47,040
2 15.9 38,160
Testing (continuous 4 6.6 15,840
behavior) 6 13.3 31,920
8 23.0 55,200

Note: Same number of records were labelled for each behavior. The sampling frequency was set to 40
Hz in this study. For continuous behavior testing dataset, all four behaviors of interest were involved for
bird 2, 6 and 8, three behaviors (resting, walking and feeding) were involved for bird 4.
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Figure 3.3 Diagram of sliding window with 50% overlap.

Table 3.2 Formulas for calculating motion features of broilers using triaxial acceleration data.

Instantaneous motion feature Formulas

Acceleration in X axis X;

Acceleration in Y axis Y;

Acceleration in Z axis Z;

Magnitude area |X;:| + |Y;| + 1Z;]
Vector magnitude m
Movement Variation [Xiz1 — Xil + Yip = Y| + |Zip1 — Z3

Energy (X2 +Y%+ Ziz)z
Entropy (1+ X +Y%+2))" xIn(1+ X, +Y + 2

Note: X, Y, and Z represent broiler accelerations in forward-backward, left-right, and up-
down directions, respectively.
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SVMs are usually implemented by combining several two-class SVM classifiers. In this
study, one-against-all method was used, which has been used to solve multi-class pattern
recognition problems (Liu and Zheng, 2005). In this study, six binary classifiers were
constructed to classify four behaviors. To reduce overfitting, 5-fold cross validation was
conducted considering the computational complexity.

3.2.6 Model Performance Evaluation

Confusion matrix was used to evaluate the performance of classification models.
Sensitivity, precision and accuracy were calculated using Equations 3.1-3.3. The accuracy
of classifying continuous dataset (including/excluding undefined behavior) was also
investigated by calculating the proportion of sliding windows that were correctly classified.

TP
sensitivity = (TP-l-—F]V) (31)
.. TP 39
precision = (TP + FD) (3.2)
TP+TN
accuracy = ( ) (3.3)

(TP + TN + FP + FN)

where TP (true positive) is the number of windows that a behavior of interest was both
reported by a model and observed in the video; FN (false negative) is the number of
windows that a behavior of interest was observed but reported as other behaviors; FP (false
positive) is the number of windows that a behavior of interest was reported by a model but
not observed in the video; and TN (true negative) is the number of windows that a behavior
of interest was neither reported by a model nor observed in the video.

3.2.7 Data Preparation and Statistical Analysis

The effects of window length on the performance of KNN and SVM classification model
were analysed using the PROC MIXED procedure in SAS 10.9 (SAS Institute., Cary, NC,
USA). A significant difference in multiple comparisons of group means was defined as p
< 0.05. The levels for window length were 1, 3, 5, 7, 10 and 20 s. Multiple comparisons
were conducted to determine the effect of machine learning model and window length
setting on classification performance. The effects of machine learning models on the
performance of classifying specific behaviors were tested as well.

3.3 Results

3.3.1 Classification Performance for Pure Behavior Dataset

Table 3.3 shows the sensitivity of KNN and SVM by validating the model-classified
behaviors against visually labelled behaviors with different window lengths. No difference
was observed between KNN and SVM in the sensitivities of classifying resting and walking
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Table 3.3 Sensitivity (%) of k-nearest neighbor (KNN) and support vector machine (SVM) in
classifying broiler resting (R), walking (W), feeding (F) and drinking (D) behaviors (pure behavior dataset).

Window KNN SVM

le?sth R W F D SEM! R W F D SEM!
1 81® 977 71® 620 9 g8 9gCa gl 73b 6
3 86 99a 77 g4b 9 g9 ggBCa  ggid  g(b 6
5 932 99a 79 @b 9 93 994B  gg 85 6
7 932 99a  77®  g]b 9 94 100 88 87 5
10 70 99 76 56 16 70 1004 89 82 13
20 99%  100* 70" 70¢ 10 74 1004 89 94 13

mean 87° 997 75¢ @ 85°  99*  gg»*  g3v

SEM2 11 1 13 12 14 0 8 6

Note: SEM': pooled standard error mean for the effects of window length. SEM?: pooled standard error
mean for the effects of behavior type. >4 Means in the same row with different superscripts are different
(p <0.05). #B€Means in the same column with different superscripts are different (p < 0.05). * (p < 0.05)
** (p < 0.01) *** (p < 0.0001) Means of the behavior classified by different models are different.
Superscript is used only when significant difference exists.
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behaviors. The sensitivities of using SVM (88% and 83%, respectively) to classify feeding
(p = 0.0158) and drinking (p < 0.0001) behaviors were higher than using KNN (75% and
62%, respectively). The difference among window lengths was only observed in the
sensitivity of SVM for classifying broiler walking behaviors ranged from 98% to 100%,
with window length of 1 s yielding the lowest sensitivity (p < 0.05). Both KNN and SVM
showed the highest sensitivity in classifying walking (p < 0.05). Lower mean sensitivities
were observed in classifying feeding (p = 0.0213) and drinking (p < 0.0001) as compared
to resting for KNN. However, no difference was observed in the mean sensitivity of
classifying resting, feeding and drinking for SVM.

Table 3.4 shows the precision of KNN and SVM in classifying broiler behaviors with
different window lengths. No difference was observed between KNN and SVM in the
precisions of classifying resting, walking and feeding. The mean precision of using KNN
(70%) to classify drinking (p = 0.0021) behavior was lower than using SVM (82%). The
difference among window lengths was only observed in the precision of using KNN to
classify broiler drinking behavior, with window length of 10 s yielding the lowest precision
(» <0.05). Higher mean precisions were observed in classifying resting than feeding (p =
0.0303) and drinking (p < 0.0001) using KNN. For SVM, higher mean precisions were
observed in classifying resting (p = 0.0396) and walking (p = 0.0024) than drinking.

Table 3.5 shows the accuracy of KNN and SVM in classifying broiler behaviors with
different window lengths. No difference was observed between KNN and SVM in the
accuracies of classifying resting and walking. The accuracies of using SVM (90% and 92%,
respectively) to classify feeding (p < 0.0001) and drinking (p < 0.0001) were higher than
using KNN (83% and 86%, respectively). The 10-s window length yielded the lowest
accuracy in classifying feeding using KNN and 1-s window length showed the lowest
accuracy in classifying drinking using SVM. Higher mean accuracies were observed in
classifying resting and walking than feeding and drinking (p < 0.0001 for all) for KNN.
For SVM, higher mean accuracies were observed in classifying resting (p = 0.0003 and p
=0.0188, respectively) and walking (» < 0.0001 for all) than feeding and drinking.

Confusion matrices of KNN and SVM in classifying broiler behaviors with different
window lengths were listed in Table 3.6. Both KNN and SVM models were highly accurate
in classifying walking behavior with different window lengths (97%-100% and 98%-
100%, respectively). Compared to walking, behaviors of feeding and drinking were
classified with lower accuracies. The KNN model classified 27%-38% drinking as feeding,
and 17%-22% feeding as drinking. As for SVM, 10%-17% drinking was misclassified as
feeding, and 5%-20% feeding as drinking.

3.3.2 Classification Performance for Continuous Dataset

Table 3.7 shows the proportion of undefined windows and the prediction accuracies of
KNN and SVM models in classifying broiler behaviors of continuous dataset with different
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Table 3.4 Precision (%) of k-nearest neighbor (KNN) and support vector machine (SVM) in classifying
broiler resting (R), walking (W), feeding (F) and drinking (D) behaviors (pure behavior dataset).

Window KNN SVM

le?sth R W F D SEM! R W F D  SEM!
1 93:  g4® 77 G7ABD 7 997 92 820 74° 4
3 942 922 g 7(ABb 6 992 97 86 8¢ 4
5 97¢ 932 g5 OABb 5 99 96 89 88 5
7 98" 93* 847 66ABb 5 99 96 90 88 4
10 74 93 85 588 13 75 96 93 75 14
20 1000 91® g5 7]Ab 7 75 08 93 83 14

mean  93*  9I1®  g® 70 91° 96° go®  gb+

SEM2 11 6 9 4 14 3 7 7

Note: SEM': pooled standard error mean for the effects of window length. SEM?: pooled standard error
mean for the effects of behavior type. > Means in the same row with different superscripts are different
(p <0.05). #B€Means in the same column with different superscripts are different (p < 0.05). * (p < 0.05)
** (p < 0.01) *** (p < 0.0001) Means of the behavior classified by different models are different.
Superscript is used only when significant difference exists.

Table 3.5 Accuracy (%) of k-nearest neighbor (KNN) and support vector machine (SVM) in classifying
broiler resting (R), walking (W), feeding (F) and drinking (D) behaviors (pure behavior dataset).

Window KNN SVM

le?sg)th R W F D SEM! R W F D  SEM!
1 04" 04°  gaAB  gap 2 977 978 8 89 1
3 95 978 g6Ab  gsb 2 972 9o 92> 9B |
5 0 98 85Ab  ggb 1 98 998 93> 9pABb |
7 08" 98a  g4ABb  ggb 1 98 998 04> 93aBb |
10 92 oga  77B  gse 4 92 99 8 9348 4
20 1000 97°  85%  ggb 3 94 99 90 96" 4

mean  96° 97 83" 86" 96" 99" 90 gpav

SEM? 3 2 3 2 4 1 4 2

Note: SEM': pooled standard error mean for the effects of window length. SEM?: pooled standard error
mean for the effects of behavior type. > Means in the same row with different superscripts are different
(p <0.05). B Means in the same column with different superscripts are different (p < 0.05). * (p < 0.05)
** (p < 0.01) *** (p < 0.0001) Means of the behavior classified by different models are different.
Superscript is used only when significant difference exists.
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Table 3.6 Confusion matrix of k-nearest neighbor (KNN) and support vector machine (SVM) in
classifying broiler resting (R), walking (W), feeding (F) and drinking (D) behaviors (pure behavior dataset).

Classified behaviors

Window Labeled

length (s)  behaviors R W KNN F D R W SVM B D Total
R 1879 33 188 238 2059 22 146 111 2338
@ 1 & 10 @8 (1) (6) (5) (100
W 5 2257 54 22 2 2293 26 17 2338
1 © o0n @ O © 08 @) (1) (100
F 136 313 1633 389 2 135 1808 393 2338
© a3 @0 17 0 © (@) (A7)  (100)
D 136 81 619 1502 9 39 481 1809 2338
6 3 (26) (64 ()] 2 @b (771  (100)
R 668 7 33 70 686 8 29 55 778
) 1) @ ) () @ () (10
W 0 767 6 6 0 768 4 7 779
3 © 0y GO @ © 00 O (1)  (100)
F 1 52 584 140 0 11 677 89 777
© D 35 (18 0 H @) (11 (100)
D 36 6 215 521 4 7 134 633 778
& @D (28 (67 (@) O dn @y 100)
R 429 7 21 7 427 7 4 26 464
® 2 6 @ 2 @ (1 (6) (100
W 0 458 1 5 0 460 0 4 464
5 © 00 O @O © 9 O (1) (100
F 0 26 355 83 4 5 399 56 464
© © 0n d3) @) () (@86 (12) (100)
D 15 6 143 300 0 6 59 399 464
(€)] (€9 €1 () 0) O d3) @6 (100)
R 306 5 15 5 308 5 4 14 331
® 2 6 @ ) @ (1 4) (100
W 0 328 1 2 0 331 0 0 331
7 © 0 ©O (€@ 0)  (100) (0 0)  (100)
F 0 20 248 63 2 3 287 39 331
© © 35 (19 @) I @)  (12) (100)
D 5 2 114 210 0 4 37 290 331
@ @O G4 (63 (U] M dbh (@88 (100)
R 167 3 58 1 165 4 56 4 229
73 @O 25 (O 7 2 @4 @ (100
W 0 227 1 1 0 229 0 0 229
10 © 0 O (O 0) (100) (0 0)  (100)
F 0 14 167 48 0 4 200 25 229
© © @7 @2 0) 2 @7 (1) (100)
D 3 2 88 136 0 1 37 191 229
)] O Gy (9 0) 0 d6) (83 (100)

Note: Both number and percentage (in parentheses) of correctly predicted windows were listed. The final
column “Total” gives the total number of data points for each behavior. The numbers in bold show the
correct classifications.
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Table 3.6. Continued.

Classified behaviors

Window Labeled
length (s)  behaviors R WKNN F D R W SVM B D Total
R 111 0 1 0 87 0 25 0 112
%) O (1 (0) (78  (0) (22)  (0) (100)
W 0 112 0 0 0 112 0 0 112
20 0) @00) (0) (0) 0) @00) (0) (0)  (100)
F 0 11 76 25 0 2 929 11 112
0)  (10) (68) (22) (0) (2) (88  (10) (100)
D 0 2 30 80 0 0 6 106 112
0) @ @n (@ay 0) 0) (5 (95 (100)

Note: Both number and percentage (in parentheses) of correctly predicted windows were listed. The final
column “Total” gives the total number of data points for each behavior. The numbers in bold show the

correct classifications.

Table 3.7 Proportion of undefined windows and the prediction accuracies of k-nearest neighbor (KNN)
and support vector machine (SVM) in classifying broiler behaviors (continuous behavior dataset) with

different window lengths.

. Proportion of - Accuracy (%) -
Window undefined Undefined windows Undefined windows
length (s) windows (%) included excluded

KNN SVM KNN SVM
1 0 804 814 80~ 81
3 4 78AB 784 814 79
5 9 70ABC 68AB 7748 75
7 13 668¢ 6648 7748 77
10 19 59¢P 62B¢ 7648 79
20 30 48P 47¢ 71B 70
SEM 6 8 3 4

Note: SEM: pooled standard error mean for the effects of window length. #BCP Means in the
same column with different superscripts are different (p < 0.05). Superscript is used only when

significant difference exists.
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window lengths. The proportion of undefined windows continuously increased from 1-s to
20-s window length. For dataset included undefined windows, the accuracies of KNN and
SVM continuously decreased as the window length increased. For dataset excluded
undefined windows, the accuracies of KNN decreased as the increase of window length.
No difference was observed among different window lengths for SVM without undefined
windows.

Confusion matrix of KNN and SVM in classifying continuous broiler behaviors with
different window lengths were listed in Table 3.8. The accuracies of KNN in classifying
continuous behavior dataset were 77%-88% for resting, 75%-95% for walking, 67%-77%
for feeding and 51%-63% for drinking. For SVM, the accuracies in classifying continuous
behavior dataset were 73%-84% for resting, 68%-86% for walking, 67-87% for feeding
and 60%-90% for drinking. The KNN model misclassified 9%-15% feeding as walking,
12%-18% feeding as drinking and 27%-38% drinking as feeding. As for SVM model, 6%-
16% feeding was misclassified as drinking and 5%-30% drinking as feeding.

3.3.3 Number of Broilers Involved in Classification Model

Table 3.9 shows the accuracies of classification of continuous behavior dataset using KNN
and SVM models that trained with dataset involved different number of broilers. Higher
accuracies of SVM were observed when more birds were involved in the training dataset.
A large decrease was observed for KNN when birds 1, 3, 5 and 7 was involved. By
involving the testing bird (bird 2) into training dataset, the accuracies of KNN and SVM
seemed to increase.

3.4 Discussion

In this study, we trained and evaluated the performances of KNN and SVM models with
accelerometer data for classifying broiler behaviors. With a proper window length, both
models achieved >93% sensitivity, precision, and accuracy when used to classify broiler
walking behavior with pure behavior datasets. Such good performances were attributed to
the distinguishable features of walking behavior, as illustrated in Figures 3.2b, which was
readily picked up during the training and testing processes. The confusion matrix (Table
3.6) shows less than 3% walking into other behaviors. It is also shown that both models
may be confused about differentiating resting, feeding and drinking behaviors. The
possible reason could be different resting postures were covered in the dataset. Standing
still was defined as resting in our study, which may have similar pattern as drinking or
feeding. The model performances on feeding and drinking behaviors were less remarkable,
but an accuracy of mid 80% to low 90% was still deemed as satisfactory. The challenges
in differentiating feeding and drinking behaviors lie in the fact that both behaviors
exhibited similar motions (i.e. standing still and pecking feeder or nipple drinker), yielding
similar patterns in acceleration curves that may confuse the models (Table 3.6). We assume
that features related to bird bowing angles were the main determinants of the model to
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Table 3.8 Confusion matrix of k-nearest neighbor (KNN) and support vector machine (SVM) for

classifying continuous broiler behaviors (exclude undefined windows) with different window lengths.

Classified behaviors

Window Labelled

length (s)  behaviors R WKNN B D R W SVM B D Total
R 3422 52 343 178 3365 60 173 397 3995
@ @O O @ 84 (2 4 (10) (100

W 32 469 53 18 19 483 41 29 572
1 © @) O 0O G @) O () (100)
F 47 159 1364 208 9 109 1546 114 1778
@ O 0 12 (M © @7 (6 (100)

D 40 39 191 441 40 15 206 450 711
© B @NH (62 (6) 2 @29 (63) (100

R 1136 37 80 42 1077 29 97 94 1295
®) G  © G 83 (@ (7 (7)  (100)

W 1 122 15 5 1 157 13 12 143
3 O @) do @) O @6 () (1) (100)
F 5 70 440 68 0 58 478 47 583
O a4z (75 (12 © do (@2 (8 (100)

D 9 10 69 149 12 12 70 143 237
@ @ @2y (63 ) (5 @30 (60) (100

R 649 40 41 25 588 32 27 109 755
®) S & O (78 (4 4 (14 (100

W 0 42 5 5 3 43 0 6 52
5 0 @ 10 (10 6 (83 (0 (12) (100
F 1 51 242 46 6 42 256 36 340
O as anH (14 2 12y (75 (a1 (100

D 6 7 40 81 3 6 19 106 134
@ B @0 (60 2) @ d4 (@9 (100

R 451 36 29 13 442 22 35 30 529
@8y M G @ 84 4 (7 (6)  (100)

W 0 18 1 0 0 13 0 6 19
7 © 05 6 (O © (68 (0  (32) (100)
F 1 31 168 30 0 28 169 33 230
O a3 (73 (13 © d2 (@3 (14 (100

D 4 7 28 48 4 6 6 71 87
G @& (32 (Y ) (7 (1 (82) (100)

R 303 29 19 5 297 22 22 15 356
@85 @& B @ 83) (6 (6) 4 (100)

W 0 3 0 1 0 3 0 1 4
10 © 75 0 25 © @5 (0 (25 (100)
F 2 19 99 27 0 12 114 21 147
I dA3)  (67)  (18) 0) ® (78 (14) (100

D 2 4 21 28 2 3 12 38 55
@ D (3% 6D “ G (22 (69 (100

Note: R: resting. W: walking. F: feeding. D: drinking. Both number and percentage (in parentheses) of
correctly predicted windows were listed. Total: the total number of windows for each behavior. The
numbers in bold show the correct classifications. No walking behavior was detected by classification

models with 20-s sliding window.
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Table 3.8. Continued.

Window

Labeled

Classified behaviors

. KNN SVM Total
length (s)  behaviors W F D R W B D
R 128 15 16 8 122 16 10 19 167

W an. O 310 ) (73)  (10)  (6) (1)  (100)

20 F 1 5 36 9 4 8 34 5 51
2 1o @7 18) ®)  (16) (67)  (10) (100)

D 0 4 8 10 0 1 1 20 22
O (d8) (36) (45 0 &) 5 (90 (100

Note: R: resting. W: walking. F: feeding. D: drinking. Both number and percentage (in parentheses) of
correctly predicted windows were listed. Total: the total number of windows for each behavior. The
numbers in bold show the correct classifications. No walking behavior was detected by classification
models with 20-s sliding window.

Table 3.9 Accuracy (%) of k-nearest neighbor (KNN) and support vector machine (SVM) in classifying

continuous broiler behaviors by including different number of broilers in the training dataset.

Number of Accuracy

( tgirrfijlg Bird tag Testing bird tag KNN SVM

dataset)
1 1 2 51 41
2 1,3 2 56 45
3 1,3,5 2 68 74
4 1,3,5,7 2 37 81
5 1,3,5,7,9 2 72 82
6 1,3,5,6,7,9 2 72 81
6 1,2,3,5,7,9 2 87 91
6 1,2,3,5,7,9 4 78 83
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differentiate feeding from drinking, and vice versa. The feeders were kept at a height that
was level with the back height of a standing bird, while the nipple drinkers were ~2 cm
above the head of a standing bird. Birds were required to exert different bowing angles in
order to reach a “low” feeder and a “high” drinker, therefore shifting accelerations patterns
and facilitating classifications. Model-wise, the SVM performed generally better than
KNN.

Accuracies of both models for classifying behaviors in continuous acceleration records
were lower than those of pure behavior data. The compromised performances were mainly
due to the undefined windows without dominant behaviors. These undefined windows
could include one or more transitional behaviors, such standing up, sitting down, etc.
Future work may focus on including these transitional behaviors to develop more robust
machine learning models with better performance on analysis of continuous acceleration
records. By excluding the undefined windows from calculation, the classification
accuracies seemed to be improved (Table 3.7).

Selecting a proper window length is important for accurate behavior classification while
saving computational resources. In general, window length showed limited effects on the
performance of classification models for pure behavior data. Banos et al. (2014) reported
that shorter window length normally had better performance for human behaviors
classification, and window length of 1-2 s was recommended after balancing the processing
speed and accuracy. Similar results were obtained in our study that 1-s sliding window
yielded the highest accuracy in classifying broiler continuous behaviors compared to other
longer window lengths for both models (Table 3.7). As the 1 s was the shortest window
length tested in this study, it is not clear whether the window length shorter than 1 s would
produce better performance results.

Applications of machine learning models in pure or continuous behavior datasets depend
on the research goals. If the goal is to screen specific broiler behaviors, a model that can
perform accurate pure behavior analysis may be the wise choice. When multiple behaviors
or behavior time budget are of interest, one may need to work with a model on continuous
behavior records. But again, the model needs to be trained with both major and transitional
behaviors for better performance. Current study included four behaviors which account for
the major daily time budget of broilers. Weeks et al. (2000a) compared the time spent of
birds with different gait score in 16 behaviors. The results showed broilers spent 88% to
96% of time on the four behaviors we looked at in our study. A small proportion (4%-12%)
of behaviors are not included in our model, such as preening, dustbathing, shaking, etc.,
but would be of great value on welfare assessment.

Our results indicate that the accuracy generally increased as data of more birds were
included for training (Table 3.9). Apart from the increasing size of training dataset, the
model performance was also improved by covering variations among individuals. It has
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been reported by Foerster et al. (1999) that individual differences in movement patterns
may interfere with classification results. Sampling from more individuals could improve
the representativeness of training dataset, thus yielding better model generalization
performance.

While accelerometer is a useful tool for lab-scale tests with a small group of birds, multiple
challenges are needed to be addressed. Compared to large farm animals (beef cattle, swine,
sheep and horse), broilers require the body-mounted sensors to be small and light, so that
birds could adapt the sensors fast without largely altering their normal behaviors. For 11-
week-old pullets with body weight of 700-900 g, Daigle et al. (2012) found that birds fully
habituated to 10-g wearable sensors in less than 2 weeks. In current study, the total weight
of sensor and battery was 7 g, and the bird body weight was over 3500 g. Per our
observation, the broilers adapted the sensors in couple of days. An adjustable chicken
harness is typically required to mount a sensor to a bird (Banerjee et al., 2012). Unlike
laying hens, broilers grow fast so that the harness size needs to be frequently adjusted to
avoid excessive choking of the birds. Commercial accelerometers with Bluetooth could
stream the data directly to a computer for real-time analysis of bird motion and behavior.
As the range of Bluetooth devices is generally short, one should strategically place the
signal receiver in order to avoid loss of communication. Some other communication
protocols, e.g. Zigbee protocols, may be incorporated for applications of accelerometer in
large houses. Though the accelerometer has the potential to monitor motion-related welfare
indicators, it is not practical for use in a commercial scale environment, at least for now,
considering the cost sensitivity of the poultry industry.

3.5 Conclusions

The results of this study show that three-dimensional accelerometers and machine learning
are viable tools for identifying specific behaviors of individual broilers. The two machine
learning models developed in this study can accurately classify broiler resting and walking
behaviors, while varying in performance for classifying feeding and drinking behaviors. A
window length of 1 s showed the highest accuracy in classifying continuous dataset. The
performance of classification model was improved by including more birds into training
dataset. These findings provide important insights into accurate broiler behavior
determination for broiler health, welfare and production evaluation.
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CHAPTER IV

Characterizing Sounds of Different Sources in
Commercial Broiler Houses

This chapter has been published in Animals.

Yang, X., Zhao, Y., Qi, H., & Tabler, G. T. (2021). Characterizing Sounds of Different
Sources in a Commercial Broiler House. Animals, 11(3), 916.
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4.1 Introduction

Sound is defined as vibrations that travel through the air or another medium in the form of
waves. The sound in commercial broiler houses is a mixture originated from multiple
sources, and can be generally categorized into two groups: 1) animal-based sounds and 2)
equipment-based sounds. Animal-based sounds can be further categorized into animal
vocalization (produced by the vibration of bird vocal cord) and behavioral sounds
(produced during bird’ behaviors, such as wing flapping and scratching). Equipment-based
sounds refer to those produced during feed system, fans on and heaters on period.

Understanding the characteristics of sounds from different sources in broiler houses allows
further sound analysis that may assist farmers on farm management and welfare
monitoring. Frequency is one of the most important characteristics of sound. Audio signal
in time domain only reflects the loudness, therefore, most of audio signal processing
techniques and algorithms involves frequency analysis using techniques, such as Fourier
Transform (Bracewell and Bracewell, 1986), filtering (Christiano and Fitzgerald, 2003),
Spectrogram (Dorfler et al., 2017) etc., for source identification.

In recent years, sound analysis as a non-invasive method has become an increasing
important tool on animal diseases detection, behavior measurement and welfare
determination (Chelotti et al., 2018; Deniz et al., 2017; Sheng et al., 2020). Cuan et al.
(2020) proposed a sound recognition method based on convolutional neural network to
detect the infection of avian influenza, yielding 90% accuracy. Chung et al. (2013) found
that audio data can accurately detect (94% accuracy) and recognize (91% accuracy) pig
wasting diseases. A sound-based product (SoundTalks NV., Leuven, Belgium) has been
commercialized to continuously and automatically detect pig respiratory disease at early
stage (Hemeryck et al., 2015). For animal behaviors, several studies were conducted to
identify the feeding behavior of broiler chickens by analyzing audio data (Aydin et al.,
2015; Aydin and Berckmans, 2016). It is also shown that peak frequency of bird
vocalization can serve as the indicator of broiler age (Fontana et al., 2016) and body weight
(Fontana et al., 2017).

In previous studies, the equipment-based sounds that produced by mechanical systems
were mostly considered as noise. The negative effects of farm noise on animal welfare have
been reported (Campo et al., 2005; Otten et al., 2004; Rabin et al., 2003). However, as
unavoidable acoustic sources in conventional broiler houses, equipment-based sounds also
contain important information that can be used for farm management. For instance, the
sound of feed system could be an indicator for proper operation of the feed system, and the
sound of fans for proper ventilation. On the other hand, understanding the characteristics
of the equipment-based sounds may better help to remove these background sounds when
only animal-based sounds are the concerns.
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The objective of this study was to determine the frequency ranges of six common sounds,
including bird vocalization, fan, feed system, heater, wing flapping and dustbathing in a
commercial broiler house over an eight-week production cycle. In addition, the frequencies
of flapping (in wing flapping events, flaps/sec) and scratching (during dustbathing,
scratches/sec) behaviors were examined through sound analysis.

4.2 Materials and Methods

4.2.1 Housing, Animals and Management

The study was conducted in a commercial broiler house (East-West) located at Mississippi
State University during 5/2020—7/2020. The house measured 120 x 13 x 3 m (L x W x H)
with a capacity of 13,700 Ross 708 straight run broilers and a production cycle of 8 weeks.
The average slaughter body weight was 4.25 kg. All chicks were provided by a contract
integrator in Mississippi. Flock management and diets followed the typical procedures in
the industry. The lighting schedule was set to 24L:0D from 1 d to 7 d, 20L:4D from 8 d to
56 d. The light intensity was set to 54 lux from 1 d to 13 d, then gradually dimmed to 3 lux
by 20 d and kept at 3 lux till 56 d. Lights were turned on at 05:00 h and turned off at 01:00
h of the next day. Total of 10 consistent speed fans (Acme BDR48J-A, 487, Acme
Engineering & Manufacturing Corp., Muskogee, OK, USA) were installed in the broiler
house, with six fans across the East end wall, two fans on the North side wall, and two fans
on the South side wall. The air flow rate was 34,660 m>/h at the static pressure of 0.05. The
number and running time of fans were controlled by the house controller based on indoor
air house temperature. As the experiment was conducted in summer, all fans were used by
the end of the flock. Total 13 heaters (Hog Slat GRO40, direct spark ignition, natural gas,
11.7 kW, Hog Slat Inc., Newton Grove, NC, USA) were distributed across the house and
were installed 1.8 m above the floor. Heater on/off was controlled by the house controller
as well. Automatic feeding system (Chore-Time, Revolution, A Division of CTB, Inc.,
Milford, IN, USA) was installed in the house. Feed was delivered along the feed line by an
open coil auger inside the feed line tube and dropped into feeder pans halfway.

4.2.2 Audio Data Collection and Camera System

An H2n handy recorder (Zoom North American Inc., Hauppauge, NY, USA) (Fig. 4.1a)
was installed in the middle of broiler house at the height of 40 cm above the back of birds
as shown in Figure 4.1b. The recorder is 67.6 x 113.85 x 42.7 mm (W X H x D) in size and
130 g in weight. It can be powered by two A A batteries or by an AD-17 USB to AC adapter
(used in this study). Up to 120 dB sound can be captured. The sampling frequency was set
to 44,100 Hz in this study. Audio signal was continuously recorded and saved to a 2GB
micro SD card and exported weekly.

A fisheye IP camera (Dahua, [IPC-EW4431-ASW, Dahua Technology USA Inc., Irvine,
CA, USA) was installed on the ceiling (height = 3 m) right above the microphone to
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Figure 4.1 Image of the recorder (a) and location of the recorder M (b).
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monitor the wing flapping and dustbathing behaviors of broilers. The frame rate of the
camera was 25 frames per second.

4.2.3 Sound Description

Six specific types of sound signals, including bird vocalization, fan, feed system, heater,
wing flapping and dustbathing were examined in this study. Sound of fans was produced
when mixing fans and/or ventilation fans were working. As the microphone was installed
around 50 m away from the fan, the sound of fan is identified as the sound of wind from
the recorded audios. Sound of feed system was produced during the period when feeder
augers were running for feed delivery. Sound of heaters was produced during the first week
when heaters were operating. Wing flapping is identified as a bout of continuous, rapid
flapping behaviors (Coenen et al., 2009). Dustbathing is defined as birds performing classic
vertical wing shakes, and performing side-rubs or prone leg scratches (Cornetto and
Estevez, 2001). In this study, dustbathing specifically refers to the behavior of scratching
the litter.

4.2.4 Audio Signal Labelling and Pre-processing

The software Audacity (v.2.4.2, Audacity Team) was used to visualize and identify the
signal by comparing with the recorded videos. Summary of labelled data is shown in Table
4.1. Bird vocalization, fan, feed system and heater were trimmed into multiple 10-s clips.
As the wing flapping and dustbathing usually lasted for a short time, therefore, behavioral
data were trimmed into multiple 1-s clips. Audio clips were then fed into MATLAB
(2018b, The MathWorks, Inc. Natick, MA, USA) for further analysis. Spectrograms were
used for an initial visual check on frequency ranges as shown in Figure 4.2. The frequencies
of bird vocalization (Figure 4.2a) and fan (Figure 4.2b) ranged 0-5000 Hz. Sounds of feed
system (Figure 4.2c), heater (Figure 4.2d), wing flapping (Figure 4.2¢) and dustbathing
(Figure 4.2f), the frequencies ranged 0- 19000 Hz.

4.2.5 Maximum Overlap Discrete Wavelet Transform (MODWT)

The MODWT is a linear filtering operation that transforms a signal into multilevel wavelet
and scaling coefficients (Nason and Sachs, 1999). As the flowchart for three-level
MODWT shown in Figure 4.3, the MODWT applies low/high-pass filters to split the
frequency components of the input signal into different scales. The filters are determined
depending on the mother wavelet which is selected in advance. The mother wavelets
include Daubechies wavelet, Coiflects wavelet, Haar wavelet, and Symlets wavelet, and so
on. Details on different wavelets can be found in publications by Percival and Walden
(2000). The default mother wavelet (Symlets, N = 4) in MATLAB was used in our study.
The decomposition level was determined based on the Equation 4.1 (Nourani et al., 2009).

L = int[log(n)] 4.1
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Table 4.1 Number of events and equivalent time labelled for each type of sound over eight weeks.

Sound type Total time labelled (min) Total number of clips
Bird vocalization 40.0 240
Fan 40.0 240
Feed system 40.0 240
Heater 5.0 30
Wing flapping 6.7 402
Dust bathing 4.1 246
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Where int[] is the function that returns the nearest integer of a number and n is the data
length. For the study, n = 441,000, L = 6. The decompositions of bird vocalization signal
are shown in Figure 4.4.

4.2.6 Signal Processing

Two sounds with narrow frequency ranges (bird vocalization and fan) were decomposed
using MODWT. Decompositions of both sounds were then transformed with Fast Fourier
Transform (FFT) method to generate the single-sided amplitude spectrums. By fitting the
amplitude spectrum of each sound source into a Gaussian regression model, its frequency
range was determined as the span of the three standard deviations (99% CI) away from the
mean (Figure 4.5a). For those sounds with wide frequency ranges (feed system, heater,
wing flapping and dustbathing), the upper range were determined by reading the largest
frequency value from FFT plot. The behavioral frequencies were determined by examining
the occurrence of peak amplitudes in spectrograms during wing flapping and dustbathing
(Figure 4.5b). They were calculated by dividing the number of wing flaps and scratches by
the time duration of complete behavioral events.

4.3 Results

4.3.1 Bird Vocalization

Table 4.2 shows the lower and upper frequency limits of bird vocalization at different ages.
Over the flock, the highest bird vocalization frequency was 4409 Hz, and the lowest was
1058Hz. In general, both lower and upper limits continuously decreased as the bird grew,
but the decrease is not linear. Frequencies drop faster in the first few weeks. From weeks
1 to 4, the lower and upper limits decreased 1020 Hz and 1665 Hz, respectively. From
week 4 to 8, the lower and upper limits decreased 403 Hz and 292 Hz, respectively. The
frequency range during first three weeks were larger than week 4 to 8.

4.3.2 Fan

Table 4.3 shows the upper and lower frequency limits of the fan at different bird ages.
Generally, the lower and upper frequency limits of the fan increased as the bird grew. From
week 1 to 8, the highest sound frequency of the fan was 1203 Hz, and the lowest was 305
Hz. In weeks 5-8, the lower frequency limits were significantly higher than other weeks.
No significant difference was found on upper limits in weeks 2-4. The upper limits of
weeks 6- 8 were significantly higher than other weeks. The frequency range varied between
716 Hz (week 1) and 791 Hz (week 3).

4.3.3 Upper Limits of Feed system, Heater, Wing Flapping and Dustbathing

Table 4.4 shows the upper frequency limits of feed system, heater, wing flapping and
dustbathing at different bird ages. In general, the frequency ranges of all the above sounds
spanned widely from 0 to 19,000 Hz. For the feed system, the upper limits in the first two
weeks were significantly lower than other weeks. In addition, the upper limit in week 8
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Table 4.2 Frequency range of bird vocalization at different bird ages (mean + SD).

Bird Age (week) Lower Limit (Hz) Upper limit (Hz)
1 2481+ 191# 4409 + 1367
2 2038 £ 201° 4289 + 89®
3 1889 +307¢ 3997 + 128¢
4 1461 + 1874 2744 + 1554
5 1418 + 1644 2668 + 114¢
6 1190 £ 154¢ 2628 £113°¢
7 1100 + 148ef 2615+£118¢
8 1058 + 123 2501 + 88t
average 1579 3231
abcde,

f Means in the same column with different superscripts are different (p <
0.05).

Table 4.3 Frequency range of fan at different bird ages (mean + SD).

Bird Age (week) Lower Limit (Hz) Upper Limit (Hz)
1 353 +62°¢ 1069 + 404
2 331 +38c¢ 1080 + 46¢
3 312 + 404 1103 £ 52¢
4 335 +32¢ 1101 £21°
5 407 + 81° 1161 +78°
6 446 + 28 1191 £27°2
7 417 +34° 1203 + 362
8 428 + 442 1200 + 36*
average 379 1139

abed Means in the same column with different superscripts are different (p < 0.05).
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Table 4.4 Upper frequency limits of feed system, heater, wing flapping and dustbathing at different bird
ages (mean = SD).

Bird Age (week) Feed system (Hz) Heater (Hz) =~ Wing Flapping (Hz)  Dustbathing (Hz)
1 18694 + 149¢ 18903+24 - -
2 18655 + 244°¢ -- - -
3 18781 £ 61° - 18830 + 272 18771 +26°
4 18819 + 453 - 18833 £ 50° 18793 £27°
5 18804 + 543 - 18819+ 27° 18791 £ 30°
6 18813 £ 113% - 188324 34% 18797 +32°
7 18833 £ 40 - 18829 + 274 --
8 18857 £ 25¢° - 18837 £28? -
average 18782 18903 18830 18788

abc Means in the same column with different superscripts are different (p < 0.05). Heater was only operated
in week 1. The sound of wing flapping and dustbathing can be detected by microphone after week 2. No
dustbathing behavior was identified in weeks 7 and 8.
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was significantly higher than other weeks. The upper limit of the heater was the highest
among the four types of sound. For wing flapping, the highest upper limit was observed in
week 8, and the lowest was found in week 5. For dustbathing, the upper limit in week 3
was significantly lower than weeks 4-6. No significant difference was observed among
weeks 4-6. When comparing two behavioral sounds, the average upper limit of wing
flapping was higher than that of dustbathing.

4.3.4 Behavioral Frequency

Table 4.5 shows the behavioral frequencies of wing flapping and dustbathing at different
bird ages. The behavioral frequency of wing flapping and dustbathing were continuously
decreased as the bird grew. In week 3, the behavioral frequencies of both wing flapping
and dustbathing were significantly higher than other weeks. No significant difference was
observed among weeks 4-6 for wing flapping and dustbathing. The behavioral frequency
of wing flapping was significantly higher than that of dustbathing in weeks 4-6 (p = 0.049,
p =0.0003 and p = 0.0001, respectively).

4.4 Discussion

The frequency range of bird vocalization continuously decreased as the birds got older
(Table 4.2). The result is consistent with previously reported by Fontana et al. (2015), who
found a negative relationship between broiler vocalization frequency and bird age. The key
assumption underlying the result is that larger animals often produce vocalizations with
lower frequency than smaller animals. Vocalizations can be simply described as the result
of tissue vibrations generated by the passage of air through a constriction in an animal’s
vocal tract (Bowling et al., 2017). Due to the physical and energetic constrains, animals
cannot efficiently produce sound waves larger than the size of their body or their sound-
producing apparatus (Bradbury and Vehrencamp, 1998). According to the theory, bird
vocalization has been used to automatically and continuously monitor broiler body weight
(Fontana et al., 2017).

Different frequency-based filters have been adopted to remove the ventilation noise at pre-
processing stage (Clapham et al., 2011; Fontana et al., 2016; Ginovart-Panisello et al.,
2020). However, the frequency of sound produced by fan operation in commercial broiler
houses remains to be understood. In this study, we found that the upper frequency range of
fan in commercial broiler houses varied between 1069-1203 Hz, which is slightly higher
than those reported (1000 Hz) in previous studies (Fontana et al., 2017; Ginovart-Panisello
et al., 2020). Furthermore, our results show that both lower and upper limits of fan sound
frequency generally increased as bird grew, probably due to the increased ventilation rate
and air speed. As birds got older and the weather got hotter, more fans were required for
higher ventilation rates and air speed to exhaust excess heat production by birds. If the size
of air inlets does not change accordingly to maintain a proper static pressure (e.g. 25 Pa),
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Table 4.5 Behavioral frequency of wing flapping and dustbathing at different bird ages (mean + SD).

Bird Age (week) Wing flapping (Hz) Dustbathing (Hz)
1 - -
) - -
3 17 + 4472 16 + 242
4 14 + 34 12 & 1B°
5 14 + 34° 12 + 280
6 13 £24° 11418
7 11+£2¢ --
8 10+ 1¢ --

abcd Means in the same column with different superscripts are different (p < 0.05). A8
Means in the same row with different superscripts are different (»p < 0.05). The sound of
wing flapping and dustbathing can be detected by microphone after week 3. No

dustbathing was found on week 8.
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the airflow going through each fan would alter, which may affect the air interaction with
fan blades and the fan sound frequency.

The frequency of feed system and heater ranged from 0 to 19,000 Hz. The result indicates
that the sound produced during feed system and heater cannot be simply removed by
adding a bandpass filter. Other noise reduction methods will be needed. There was
statistical difference in upper limits of the automatic feeder sounds among weeks, which
was possibly due to the differences in feed particle sizes that affected the frictions between
augers and feed tubes during feed delivery. However, the changes of the upper limits were
small.

Acoustic signal could be a useful tool for learning animal behaviors. Microphones have
been widely used to detect the animal behaviors, e.g. foraging of beef cattle (Chelotti et al.,
2016; Rau et al., 2020), chewing of dairy cow (Zhang and Wang, 2020), and feeding
behavior of broilers (Aydin and Berckmans, 2016). However, using audio signal to
determine broiler wing flapping and dustbathing behaviors hasn’t been reported before.
Our results showed the upper frequency ranges limits of these two behavioral sounds varied
between 0-18,85018,770-18,840 Hz. Therefore, in order to avoid information loss of the
signal, adding a filter < 19,000 Hz is not recommended before analyzing wing flapping and
dustbathing behaviors at pre-processing. From the spectrograms, both wing flapping and
dustbathing showed unique patterns in time series, which may provide valuable
information to behavior classification and recognition in future.

During the first two weeks, wing flapping and dustbathing behaviors can be observed in
recorded videos, however, were not efficiently captured by the microphone. It indicates the
limitation of using a microphone to learn behaviors of young chicks. No dustbathing was
observed in weeks 7-8. Similar results were reported by Meluzzi and Sirri (2009) that
dustbathing activity was decreased as broilers get older. Litter quality could be one of the
factors. Broilers prefer to bathe at the area with loose and dry materials (Odén et al., 2002),
while the litter is stiffer and moister by the end of flock. The behavioral frequency of wing
flapping and dustbathing continuously decreased as bird grew. The possible reason is that
older birds were more physically challenged to perform these behaviors due to the body
weight. This hypothesis also indicated that the behavioral frequency could be another
indicator of bird age. As no study has been conducted on broiler behavioral frequency so
far, further investigation will be needed for the hypothesis.

As two types of non-invasive methods in animal research, cameras and microphones were
often used separately. Both of them have been proved to be efficiently deployed in
precision livestock farming. It would be exciting if two methods can be combined. Most
off-the-shelf cameras come with both channels of video and audio, which could provide
the system eyes and ears. Endless possibilities could be achieved by adding a computer as
the brain, which will eventually achieve smart broiler farming.
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4.5 Conclusions

In this study, the sound frequency ranges of bird vocalization, fan, feed system, heater,
wing flapping and dustbathing in a commercial Ross 708 broiler house at different bird
ages were determined using signal processing. The behavioral frequencies of wing flapping
and dustbathing were examined as well. We conclude that the frequency range of bird
vocalization continuously decreased as bird grew. Sound frequency of fan generally
increased from week 1 to week 8. The upper frequency range of feed system, heater, wing
flapping and dustbathing exceeded 18,000 Hz. Significant negative correlation of age on
behavioral frequencies of wing flapping and dustbathing were observed. In summary, both
broiler vocalization and equipment-based sounds showed temporal variations. These
findings provide important insights into broiler welfare, health, and behavior determination
using signal processing. Generalize the results to other housing system and broiler breeds
will require more data.
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CHAPTER V

Accuracy of Broiler Activity Index as Affected
by Sampling Time Interval

This chapter has been published in Animals.

Yang, X., Zhao, Y., & Tabler, G. T. (2020). Accuracy of Broiler Activity Index as Affected
by Sampling Time Interval. Animals, 10(6), 1102.
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5.1 Introduction

Broiler activity is considered as a major indicator of animal physical and physiological
conditions (Bizeray et al., 2002; Simsek et al., 2009). It has been suggested that a
reasonable amount of activity may benefit broiler skeletal conditions of legs (Thorp and
Duft, 1988), thus reducing incidences of lameness and improving bird walking ability
(Hester, 1994). More movement and activity of broilers may also help to reduce the
prevalence of hock burns (Wilson et al., 1984), footpad dermatitis (Kaukonen et al., 2016),
and breast burns (Shepherd and Fairchild, 2010) by reducing the contact with wet litter.

In order to quantify the animal activity, activity index (Al), a measure of movement
intensity through image processing, was proposed by Bloemen et al. (1997). Activity index
was defined as the percentage of pixels of moving animals to the total number of pixels
within the image (including animals and background). In more recent research, the total
number of pixels was replaced with total bird-representative pixels to compensate
variations in animal size at different ages (Aydin et al., 2010; Bloemen et al., 1997; Silvera
et al., 2017). Since the concept was coined, Al has been widely used to quantify activities
of broilers (Kristensen et al., 2006; Yang et al., 2020).

Broiler Al is calculated by determining changes in bird-representative pixels between
consecutive images. Using a short time interval between consecutive images may capture
more movement details and yield better Al accuracy; however, a time interval that is
unnecessarily short (e.g. yielding too many consecutive images for only trivial bird
movements) cannot further improve Al accuracy and may increase image processing time.
Longer time interval, on the other hand, may miss-identify birds’ movements and
compromise Al accuracy. Therefore, a proper time interval is important for ensuring
accuracy of Al while improving processing efficiency and saving computational resources.
Different time intervals have been used to determine broiler Al in previous research. For
instance, Neves et al. (2015) analyzed the images at 60 s interval to determine bird activity
as affected by feeder types. Bloemen et al. (1997) sampled images with time interval of 5
s to investigate the effect of thermal environment on broiler activity. Aydin et al. (2010)
used time interval of 0.2 s to measure the activity of broilers with different gait scores.
However, proper time intervals remain to be explored.

Selection of a proper time interval should be based on the bird movement intensity which
could be affected by many factors such as bird age, location, and time of the day. Bird
movement intensity may vary among different bird ages due to the changes in their physical
conditions like body weight and walking ability (Aydin et al., 2010; Neves et al., 2015).
Broilers do not always spread out evenly on the floor areas in commercial houses, resulting
in different degrees of crowdedness that may affect bird movements. For example, Arnould
and Faure (2003) found that areas near feeders and drinkers were more crowded because
broilers tended to stay and rest near the sources of feed and water. Furthermore, bird
movement intensity varies within a day. Previous research showed that birds are more
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active a couple of hours after light ON and before light OFF (Bessei, 2006). However,
effects of above-mentioned temporal and spatial variations in broiler movement intensity
on broiler Al have not been investigated.

The objective of this study was to investigate the effect of sampling time interval (0.04,
0.2, 1, 10, 60, and 300 s) on the accuracy of broiler Al. The effects of bird age (1-7 weeks),
location (feeder, drinker, and open area) and time of day (06:00-07:00 h, 12:00-13:00 h
and 18:00-19:00 h) on broiler Al were also examined.

5.2 Material and Methods

5.2.1 Housing, Animals and Management

The study was conducted in a commercial broiler house located at Mississippi State
University. The house measured 120 x 13 x 3 m (L x W x H) with a capacity of 16,120
Ross 708 straight run broilers and a production cycle of 8 weeks. Both tray and tube feeders
were used in weeks 1 and 2 of bird age, then tray feeders were removed since week 3. Flock
managements and diets followed the typical procedures in the industry. The lighting
schedule was set to 24L:0D from 1d to 7d, 20L:4D from 8d to 56d. The light intensity was
set to 54 lux from 1d to 13d, then gradually dimmed to 3 lux by 20d and kept at 3 lux till
56d. Lights were turned on at 05:00 h and turned off at 01:00 h of next day.

5.2.2 Camera System

A fisheye IP camera (Dahua, IPC-EW4431-ASW, Dahua Technology USA Inc., Irvine,
CA) was installed on the ceiling (height = 3 m), located in the middle of the house. The
frame rate of the camera was 25 frames per second. Three one-hour video clips (06:00 to
07:00 h, 12:00 to 13:00 h and 18:00 to 19:00 h) were recorded on one day every week. The
video clips were converted into images with all frames extracted (time interval of 0.04s
between consecutive images) or partial frames at time intervals of 0.2, 1, 10, 60 and 300 s.
Images were first corrected for distortions using Python (Python 3.7.1, Python Software
Foundation, Beaverton, OR). Afterwards, three specific areas (200 x 200 pixels) located at
feeder, drinker and open area (Fig. 5.1) were cropped out of the images and fed to
MATLAB (2018b, The MathWorks, Inc. Natick, MA) for image processing. The
dimension of cropped area was equivalent to the actual area of 0.71x 0.71 m. The images
were used to calculate Al at the drinker and open areas in weeks 1-7, and at feeding area
in weeks 3-7 when only tube feeders were provided.

5.2.3 Activity Index

The value I(x, y) represents the intensity of the pixel at coordinates (X, y) in that image.
The difference in intensity between the current image /(x, y, t) and the previous image /(X,
y, t-1), was calculated by subtraction of the two consecutive images. A resulting image of
1(X, y, t), in binary form, was then generated according to results of the subtraction
(Equation 5.1).
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Figure 5.1 Example images of (a) feeder (b) drinker and (c) open area.
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— 1) lfl(x:y,t)_l(x;y,t—1)>f (51)
la(x,y,8) = {O, otherwise
The threshold (1) was set to 15% of the maximal intensity of each video clips by observing

the “empty” background of first 20 frames for each clip to avoid erroneous results due to
noise, e.g., electrical noise in the coaxial cabling and image acquisition circuits, and
lighting variations.

Total number of non-zero pixels was calculated as the variation between the two
consecutive images due to the activity of broilers. To compensate the sizes and number of
the birds, the activity index AI(t) was calculated as the fraction of the number of non-zero
pixels in the resulting binary image /.(X, y, t) with respect to the number of broiler-
representative pixels S(t-1) in the previous image /(x, y, t-1) (Equation 5.2).

Zla(x:yr t) (52)
S(t—1)

5.2.4 Data Preparation and Statistic Analysis

Al(t) =

The effects of sampling time interval, bird age, sampling location, and time of the day as
well as the major two-way interactions, on broiler Al was analyzed using PROC GLM
(generalized linear model) procedure in SAS 10.9 (SAS Institute., Cary, NC, USA).
Significant difference of multiple comparisons of group means was defined as p < 0.05.
The levels for time intervals were 0.04, 0.2, 1, 10, 60 and 300 s. The levels of age were 1-
7 weeks in drinker and open areas, and 3-7 weeks in feeder area. The levels of sampling
location factor consisted of feeder, drinker and open areas. The levels of sampling time
within a day were 06:00-07:00 h, 12:00-13:00 h and 18:00-19:00 h. In order to compare
the difference of Al among different time intervals, the cumulative Al of every 300 s was
calculated. Some of the video clips were not strictly hour-long (56 to 60 min), therefore,
total 11 samples were obtained from each video clip. For the effects of bird age, location
and time of the day, only data with time interval of 0.04 s (full frames) were used for
analysis.

5.3 Results

5.3.1 Time Interval

Table 5.1 shows the average broiler Al with different time intervals at different locations.
Time interval of 0.04 s yielded the highest Al. As the increase of time interval, the broiler
Al deceased from 99% (0.2 s) to 2% (300 s) of the Al determined with time interval of
0.04 s. There is no significant difference in broiler Al between 0.04 s and 0.2 s in drinker,
feeder and open area. Significantly lower broiler AI were observed with time interval of 1
s than 0.2 s in feeder (p < 0.0001) and drinker (p = 0.0267) area. In the open area, the
broiler Al with time interval of 1 s was significantly lower than 0.04 s (p = 0.0007),
however, no significant difference was observed between 0.2 s and 1 s.
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Table 5.1 Average broiler activity index (AI) with different time intervals at different locations.

Location
Time interval (s) Feeder Drinker Open area
Al Ratio (%) Al Ratio (%) Al Ratio (%)
0.04 38.8¢ 100 42.5° 100 81.22 100
0.2 38.5% 99 41.7* 98 58.0% 71
1 27.3% 70 31.1° 73 34.3bc 42
10 8.0° 21 11.7¢ 28 20.1¢ 25
60 2.3¢d 6 4,94 12 10.2¢¢ 13
300 0.64 2 0.9¢ 2 1.7¢ 2
SEM 3.1 5.4 13.4

Ratio: Al calculated at a time interval relative to that at 0.04-s time interval; SEM: Pooled standard
error mean for main effects of location; ¢ Means in the same column with different superscripts are
different (p < 0.05). Five weeks (week 3-7) of data in feeder area and seven weeks (week 1-7) of data
in drinker and open areas were summarized.

68



5.3.2 Age and Location

Table 5.2 shows the weekly average broiler Al at different locations. In the feeder area, the
broiler Al in week 3 was significantly higher than that in weeks 4 and 7 (p < 0.0001). No
significant difference was observed among weeks 4, 6 and 7. At the age of week 5, the Al
was significantly higher than that in weeks 4 (p = 0.0024) and 6 (»p = 0.0218), however, not
significantly different from week 7. Broiler Al in open area gradually decreased from week
1 to week 5, and slightly increased (p > 0.05) in weeks 6 and 7. No significant difference
in broiler Al in the open area was observed between weeks 2 and 3. The Al in week 4-7
were significantly lower than those in week 1-3. In addition, there is no significant
difference among weeks 4-7. For the effects of sampling locations, the broiler Als in open
area were significantly higher than that in drinker area in weeks 1 and 2 (p = 0.0098 and p
=0.0011, respectively). In weeks 3 and 4, higher broiler Als were observed in open area
and the lowest Als in drinker area. In weeks 6 and 7, the broiler Als in feeder and drinker
area were higher than that in open area. Generally, broiler Al decreased as broiler grew up
in all locations of concerns.

5.3.3 Time of Day

Table 5.3 shows the weekly average broiler Al within three time periods at three locations.
In feeder area, significant differences among time periods were observed at 5 and 6 weeks
of bird age. In drinker area, higher broiler Als were observed at either 12:00 h or 18:00 h
during 1-7 weeks of bird age. The lowest broiler Als were observed at 06:00 h except week
3. In open area, significant differences were found in weeks 4 and 6, with highest Als being
identified at 12:00 h and lowest at 06:00 h.

5.3.4 Selection for Proper Time Interval

Figure 5.2 shows the weekly average broiler Al in feeder, drinker and open area with
different time intervals. In feeder area, no significant difference in broiler Al was observed
between time interval of 0.04 s and 0.2 s in week 3 and weeks 5-7. In week 4, the Al with
time interval of 0.2 s was higher than that of 0.04 s (»p = 0.0320). In drinker area, the
difference in broiler Al in weeks 1-4 and week 6 was not significant between 0.04-s and
0.2-s intervals. In week 5, the Al with time interval of 1 s was higher than that of 0.04 s (p
=0.0436). At the age of week 7, time interval of 0.2 s yielded significantly lower Al than
that of 0.04 s (»p = 0.0068). In open area, no significant difference in broiler Al between
time intervals of 0.04 and 0.2 s was found in week 1-2 and week 4-6. In week 3 and 7, the
Al with time interval of 0.2 s was higher than that of 0.04 s (p = 0.0056 and p = 0.0159).

5.4 Discussion

Different sampling time intervals, from seconds to minutes, have been adopted to calculate
Al of livestock and poultry (Kashiha et al., 2014b; Poursaberi et al., 2010b; Yang et al.,
2019). But how the time intervals affect the accuracy of animal Al remains to be
understood. In this study, we found that Al decreased at longer sampling
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Table 5.2 Weekly average broiler activity index (Al) at different locations.

Location
Bird age -
Feeder Drinker Open SEM 1
1 - 83.2B8 232548 39.7
2 - 74.1B2 137.24b 13.0
3 64.58 28.9¢be 95.840 7.2
4 28.6A¢ 16.58¢ 32.6A¢ 1.9
5 37.840 20.78¢ 21.68¢ 1.7
6 30.94¢ 31.58b¢ 23.1B¢ 1.6
7 31.9Bbe 42,440 25.5¢¢ 1.8
SEM [ 2.1 6.1 14.8 --

Data with the time interval of 0.04 s were included; [') SEM: Pooled standard error mean for age
effect; 1 SEM: Pooled standard error mean for location effect; B¢ Means in the same row with

different superscripts are different (p < 0.05); *** Means in the same column with different superscripts
are different (p < 0.05).

Table 5.3 Weekly average broiler activity index (AI) within three time periods (06:00 h — 07:00 h,
12:00 h — 13:00 h, and 18:00 h — 19:00 h) at three locations (feeder, drinker, and open area).

) Location
E;gred Feeder Drinker Open

06:00 12:00 18:00 SEM 06:00 12:00 18:00 SEM 06:00 12:00 18:00 SEM
1 -- -- -- -- 43.7% 136.34 69.5% 21.0 179.0 384.9 133.7 91.0
2 -- - -- - 46.08 97.64 78.7°B 114 91.7 159.0 160.7 28.3
3 602 640 692 64 31.64 3594 19.18 3.1 98.8 859 102.6 20.8
4 243 305 311 26 6.1 19.6% 23.84 1.3 22.58 4234 32948 37
5 4347 31.7% 38348 23 187 19.1 242 3.1 185 263 200 32
6 28.88 28.2B 3574 22 25.1B 31.84B 37.8% 29 17.3B 29.14 22.848 235
7 289 322 346 28 413 442 41.7 32 28.7 236 241 35

SEM: Pooled standard error mean for main effects of time periods at each location; B¢ Means in the same
row with different superscripts under same location category are different (p < 0.05); Data with time interval
0f 0.04 s were used.
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Figure 5.2 Weekly average broiler activity index (least square means £ SEM) in feeder, drinker and
open area with different time intervals. % %< Means with different superscripts within the same category
are different (p < 0.05).
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time intervals (Table 5.1). This is because some transient behaviors, such as turning,
bobbling, preening and shaking, can be miss-identified as sampling time interval increases.
Our results also show that 0.2-s interval can be considered as an alternative of 0.04 s in
broiler Al determination, because it delivered comparably high Al while reduced the image
processing workloads by 80%. Selecting proper sampling time intervals for accurate Al
measurement of certain animal species, should consider the velocities of both continuous
movements (e.g. walking and running) and discrete movements (e.g. pecking, touching,
smelling, dashing, etc.). Sampling time interval of 0.03 s has been used for cow (Chapinal
et al., 2009; Poursaberi et al., 2010b), 0.04 s for pig (Kashiha et al., 2014b; von Wachenfelt
et al., 2009), and 0.2 s and 0.3 s for poultry (Tickle et al., 2018; Yang et al., 2019).

Broiler Als generally decreased as the birds got older (Table 5.2). This result is consistent
with those previously reported by Alvino et al. (2009) and Bizeray et al. (2000) who also
found older broilers were less active while gaining body weight (EFSA, 2010). Rebounds
of Al at drinker and feeder areas were noticed after week 4 of bird age (Table 5.2). This is
possibly because of bird increasing demands on feed and water (Bruno et al., 2011) at these
ages which promoted more traffic around drinkers and feeders.

Our results show obvious spatial variations in broiler Al, which can be explained by the
different movement intensities of predominant behaviors in the locations of concerns (i.e.
feeder, drinker, and open areas). Feeding and drinking behaviors at feeder and drinker areas
(Kristensen et al., 2007; Svihus et al., 2013) do not involve more intensive body
movements as compared the walking, chasing, and playing behaviors in open litter area.
Therefore, the broiler Als in feeder and drinker areas were lower than that in open area in
weeks 1-4 (Table 5.2). As getting older and heavier, broilers became less active and tended
to use the open area as a place for resting which involves less body movements than feeding
and drinking. As such, we found a lower broiler Al in open area, as compared to feeder
and drinker areas, in weeks 5-7.

Understanding the broiler Al in feeder area may also help to understand the bird health
status. For instance, Weeks et al. (2000b) compared the feeding patterns of broilers with
different gait scores and found those birds with substantially impaired walking ability
halved the number of feeding bouts but doubled the feeding time per visit to keep the same
amount of feed intake as healthy birds. Be noted that the Al in our study quantifies the bird
activity in a 0.71x 0.71 m area (including both the feeder/drinker and surrounding areas),
thus, it involves not only the feeding and drinking behaviors, but also the traffic around
feeders and drinker lines. This is different from the other measures of feed and water
resources usage by broilers, such as feed intake (Bai et al., 2013). time budget of broiler
feeding and drinking behaviors (Sultana et al., 2013; Ventura et al., 2012a), and feeding
and drinking frequency (times of feeder or drinker visiting within an hour) (Bizeray et al.,
2002; Hocking et al., 2007).
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There were also temporal variations in broiler activity within a day (Table 5.3). The
possible explanation for higher broiler Al at feeder area in the early morning or afternoon
could be the broiler diurnal rhythms. Li et al. (2018) explored the effect of light intensity
and spectrum on broiler (35-40 d) feeding behaviors with a schedule of 16L:8D and found
the peak feeding occurred at 2-3 h after light ON and before light OFF. The high level of
feeding behavior in the early morning could be a feed compensation after the dark period
without any feed intake (May and Lott, 1994). More feeding behavior at the end of a day
was probably because the birds can anticipate the darkness (Stahlbaum et al., 1986) and
spontaneously increase the feed intake before the light was turned OFF (Kristensen et al.,
2007). It should be pointed out that the broiler Al at feeder area during 06:00-07:00 did
cover the early light ON period but was not consistently higher than that of mid-day period.
The discrepancy is possibly because of the difference in bird age or lighting schedule (Xin
et al., 1993). In addition, movement of birds around the feeder may result in higher Al
during middle of the day, which can refer the data of Al at open area. There was no clear
temporal pattern in Al in drinker area based on our results. Schwean-Lardner et al. (2014)
studied the effect of day time length on broiler (27 d and 42 d) behavioral patterns and
found the similar rhythm of drinking behavior as feeding. In another research that explored
the effect of feeding and lighting programs on broiler feeding and drinking patterns
indicated that the drinking patterns of broilers were largely influenced by lighting programs
but independent of feeding behaviors (Xin et al., 1993). One explanation for the
discrepancy could be the lighting schedule. Another reason could still be the movement of
birds near the drinker line within the concerned area. As for open area, higher broiler Al
was typically found at middle of the day in our study, which is consistent with the results
reported by Sherlock et al. (2010).

It worth noting that the Al is a measure of bird movements in two dimensions on a
horizontal plane. Bird movements in the vertical direction for behaviors, such as standing
up, lying down, and pecking the feeder and drinker, are not included in the Al calculation,
but may provide important implications on poultry welfare, health, and production
efficiency. To account for the bird vertical motion, cameras with a depth sensor or body-
mounted sensors that produce 3D motion measurements may be considered (Yang et al.,
2019).

5.5 Conclusions

In this study, the effects of sampling time interval between consecutive images on accuracy
of broiler Al at different bird age, sampling location and time of the day using image
processing were investigated. We conclude that sampling time interval of 0.04 s yielded
the best broiler Al results. The Al results of 0.2-s time interval was acceptable, yet requiring
significantly less computational resource usage. At different ages, broiler Al in feeder and
open area generally decreased from week 1 to week 7. However, a rebound in drinker area
was observed after week 4. For the effects of location, higher Al during weeks 1-4 occurred
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in open area and switched to feeder and drinker area during weeks 5-7. Clear diurnal
behavioral rthythms were also found in feeder and open area. In summary, broiler Al in
commercial housing showed both temporal and spatial variations. These findings provide
important insights into accurate broiler activity measurement for broiler welfare, health,
and production evaluations.
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CHAPTER VI

Broiler Gait Score in Relation to Bird Age, Body
Weight, Activity and Distribution
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6.1 Introduction

Lameness in broiler chickens is a major issue that may cause welfare concerns and
economic loss (Gocsik et al., 2017). It was reported that 14%-50% of broilers are
moderately to severely lame in commercial farms at the late phase of production cycle
(Bassler et al., 2013; De Jong et al., 2016; Kestin et al., 1992; Sanotra et al., 2003). Lame
birds may suffer from pain (Caplen et al., 2014; Hothersall et al., 2016), and have difficulty
in getting access to feed and water resources (Bessei, 2006; Butterworth et al., 2002).
Furthermore, birds with leg abnormalities may cause economic loss due to the higher
mortality (Verma, 2007; Wideman Jr et al., 2012) and slower body weight gain (Gocsik et
al., 2014).

Gait score (GS) is a common metric for lameness assessment of broilers. One of the most
widely used scoring systems is the six-point scoring protocol (0-5, a higher value indicates
worse walking ability) developed by Kestin et al. (1992). However, implementing animal-
based measures at farm level by human assessors and manual methods is discrete, laborious
and time-consuming.

Advances in computational power and artificial intelligence have made image processing
a viable solution for automatic animal behavior monitoring and welfare assessment (Pluk
et al., 2012; Stavrakakis et al., 2014; Van Hertem et al., 2018a). Aydin (2017a) developed
a machine vision-based early detection system of broiler lameness, and found high
correlations (R2 = 0.988) between feature variables and gait scores. Broilers were required
to walk through a corridor during the measurement however, which may limit the
application of the method in commercial farms. Flock activity has been identified as a
potential indicator of predicting broiler gait score in a previous study (Aydin et al., 2010).
Van Hertem et al. (2018a) developed a prediction model for broiler gait score based on
automated measurements of flock distribution, bird activity and body weight. The study
was conducted in Europe where flock management and housing environments are different
from those practiced in the US. Modification of the model may be required for farms in
US.

The objective of this study was to identify the broiler gait score as affected by bird body
weight, activity and distribution for Cobb 500 and Ross 708 broilers. Prediction models
based on body weight, activity and distribution were developed for automatic gait score
assessment.

6.2 Materials and Methods

6.2.1 Housing, animals and management

The study was conducted in an experimental facility at the Johnson Animal Research and
Teaching Unit at the University of Tennessee, Knoxville, TN, USA. Sixteen pens, each
measuring 1.5 x 1.5 m (L x W), were used to raise Cobb 500 and Ross 708 broilers (8
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pens/strain) for eight and nine weeks, respectively (Fig. 6.1a). Day-old chicks were
procured from a commercial hatchery and randomly assigned to different pens (12
birds/pen). A tube feeder and a bell drinker were installed in each pen (Fig. 6.1b). Feed and
water were provided ad libitum. Used litter (wood shavings and manure) was collected
from a commercial broiler house, mixed well, and placed onto the floor at around 5 cm in
depth. Temperature was maintained at approximately 32°C at the start of experiment and
was reduced as birds grew with a final temperature set point of 22°C on 38d and thereafter.
The lighting schedule was set to 24L:0D from 1 d to 3 d, 20L:4D from 4 d to 7 d, and
16L:8D after 8 d. The light intensity was set to 20 lux.

6.2.2 Body weight

Overall body weight of all birds in each pen was measured weekly using a bench scale
(OHAUS, OHAUS corporation, Parsippany, NJ, USA; capacity: 200 kg; resolution: 0.05
kg) to estimate the correlation between body weight and gait score of broilers.

6.2.3 Broiler activity

Eight top-view cameras (IPSM-B1186EW-28MM, Amcrest Technologies, Huston, TX)
were installed to continuously monitor broilers in the 16 pens. Each camera covered two
pens. Videos were saved in an external hard drive and exported for analysis after the
experiment. Images were firstly extracted from video clips (first 10 min of each hour)
during light period (16L:8D) with the frame rate of 5 frames/sec. Same 820 x 480 pixel
areas (Fig. 6.2) were cropped out of images and imported to MATLAB (2018b, The
MathWorks, Inc. Natick, MA) for activity index (AI) determination. The Al was
determined by calculating the ratio of bird moving pixel to overall bird-representative pixel

in consecutive images. A detailed description of the method used is provided in Yang et al.
(2020).

6.2.4 Broiler distribution

Eight pens (four pens/strain) with good top views were selected for the determination of
distribution index (DI). Each pen was divided into 3 parts as shown in Figure 6.3,
corresponding to three areas that next to (A1), near (A2) and far from (A3) the feeder and
drinker. Bird-representative pixel number at A2 (P2) and A3 (P3) was determined through
image processing in MATLAB. To reduce the influence of feeder and drinker, bird-
representative pixel number at A1 (P1) was calculated by following Equation 6.1, where Pg
represents the average pixel number of one bird at different bird ages. Total 60 sub images
with one or multiple birds were cropped out from the original images at each bird age. All
sub images were binarized then non-zero pixels were counted for the estimation of bird
size. To compensate the sizes of the birds, the DI was calculated as the standard deviation
of normalized bird-representative pixel number at three locations (Equation 6.2).

P3:POX12_P1_P2 (6.1)
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Figure 6.1 Pictures of pen settings.

Figure 6.2 Cropped areas in images.
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Figure 6.3 Schematic of three areas that next to (A1), near (A2) and far from (A3) the feeder and
drinker.
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DI = Sd (P1 i P3) 6.2
N P,' P, P, (6.2)

6.2.5 Gait score (GS) assessment

Weekly GS assessment of all birds started from week 3. Two trained assessors classified
broilers into 6 (0-5) score levels by following the Welfare Quality Assessment Protocol
(Welfare Quality, 2009) and the scoring system proposed by Garner et al. (2002). The
procedures used in current study are described in Table 6.1.

6.2.6 Development and evaluation of stepwise regression model

Two stepwise linear regression models were developed for the application in farms
with/without automated scales, respectively. Variables used for model development were
listed in Table 6.2. Five variables that related to BW were excluded from the model
developed for farms without automated scales. Merged dataset of Cobb 500 and Ross 708
was used for model development. The successive models were tested using ANOVA
analysis with the significance level at 0.15. Ten-fold cross-validation was used to prevent
over fitting.

6.2.7 Statistical Analysis

Correlations between broiler gait score and bird age, body weight, activity were analyzed
using the PROC REG (regression model) procedure in SAS 10.9 (SAS Institute., Cary,
NC, USA). A significant difference in multiple comparisons of group means was defined
as p <0.05. Bland-Altman plots were used to evaluate whether the linear regression model
is unbiased from the human assessment for gait score.

6.3 Results

6.3.1 Age and body weight (BW)

The average BW and GS of Cobb 500 and Ross 708 broilers at different bird ages are
shown in Table 6.3. The BW of Cobb and Ross broilers continuously increased over the
production cycle. Cobb and Ross were reared for 8 and 9 weeks, respectively. There was
no significant difference in BW between Cobb and Ross in the first two weeks. The BW
of Cobb was significantly higher than that of Ross since week 3. The GS of both Cobb and
Ross continuously increased from week 3. No significant difference in GS was observed
between Cobb and Ross in week 3. After that, GS of Cobb was always higher than that of
Ross (p <0.0001). In respect of age effects, the significant increase of GS was observed 1
week earlier for Cobb (week 4) than Ross (week 5).

6.3.2 Correlation of gait score (GS) and body weight (BW)

Figure 6.4 shows the correlation between BW and GS for Cobb 500 and Ross 708 broilers.
In general, GS continuously increased as bird grew. Correlations of GS and BW for Cobb
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Table 6.1 Criteria of each gait score.

Gait score Criteria

0 Normal, smooth and agile. The fingers are furled while raised.

1 Slightly abnormality, but unidentifiable.

2 Definite and identifiable abnormality, but has limited effects on walking ability.

3 Obvi.ous abnormality, affects ability to move. The bird has imbalanced steps and squat
within 15 s.

4 Sever§ abnormality, but still capable of walking. The bird takes more than 5s to rise
when it was nudged, and squats after one or two steps.

5 Incapable of walking.
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Table 6.2 Variables used for stepwise regression model development

Variable name Unit Model 1 Model 2
Age Bird age (week) J \/
BW Averaged pen body weight of birds (kg) \

BW? - V
Bw . .
Age
Age _ N
In(BW)
Al Average value of activity indexes of three J J
assessment days in the same week
AI? - \ \/
Variance of Al determined in three
AI‘I][J.T . '\/ ‘\/
assessment days in the same week
Y Average value of distribution indexes of J N
three assessment days in the same week
Variance of DI determined in three
Dl,qr _ V V
assessment days in the same week
Al
oI - V V
DI
In(—) - v v
AIVLIT
wT _ N
Al
. The distribution index based on the method
DI eYeNamic . v \
- of eYeNamic system
SD Stocking density (# of birds/m?) \ \
Al _ N N
SD
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Table 6.3 Average body weight (BW) and Gait score (GS) of Cobb 500 and Ross 708 broilers at

different bird ages (mean + SD).

. BW (kg) GS
Bird age (week)
Cobb 500 Ross 708 Cobb 500 Ross 708
1 0.098 +0.016° 0.082+0.013% -- --
2 0.297 £ 0.024*° 0.204 £ 0.029 -- --
3 0.612+0.052° 0.380 + 0.028" 02+0.14 0.1£0.142
4 1.153 +£0.083% 0.679 £ 0.042° 0.8+0.2B2 03+0.14
5 1.924 £ 0.083 2 1.151 £0.098° 1.6+£03¢ 0.8+0.48
6 2.833+0.1262 1.809 £ 0.192° 2.8+0.6D8 1.7+£0.6
7 3.734+£0.173* 2.551+0.301° 33+04F 22+0.50b
8 4.667+0.273° 3.442 + 0.433° 35+04F 2.8+02F
9 -- 4.132 +0.458 -- 30+0.3F

Note: »® Means in the same row and same category (BW or GS) with different superscripts are different
(p <0.05). B CD.E Means of GS in the same column with different superscripts are different (p < 0.05).
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Figure 6.4 Correlations of gait score and body weight for Cobb 500 (a) and Ross 708 (b) broilers.
Greater gait score means worse walking ability.
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and Ross broiler fitted polynomial regressions (degree = 2) with high coefficients of
determination (R? = 0.9367 for Cobb and R? = 0.9434 for Ross).

6.3.3 Correlation of gait score (GS) and activity index (Al)

Figure 6.5 shows the correlation between GS and Al for Cobb 500 and Ross 708 broilers.
Generally, birds with lower GS had higher Al. The correlation between GS and Al for
Cobb and Ross fitted exponential regressions. The coefficients of determination (R?)
were 0.7796 for Cobb and 0.7307 for Ross. The Als for Cobb were more concentrated at
lower level (0.00-0.03) as compared to Ross. The decay constant, which represents the
decreasing speed of the regression curve (greater value demonstrates faster speed), was

158.8 for Cobb, while 88.69 for Ross.

6.3.4 Correlation of gait score (GS) and distribution index (DI)

Figure 6.6 shows the correlation between GS and DI for Cobb 500 and Ross 708 broilers.
No correlation between GS and DI was observed. The DIs for Cobb were more
concentrated in the range of 2.00-3.00, while most of DIs for Ross were in the range of
1.50-2.50.

6.3.5 Stepwise Linear Regression model

Equations 6.3-6.5 show the stepwise linear regression models developed for three types of
farms (AW, CS and AW+CS). For AW model (Equation 3), the adjusted R? = 0.90,
RMSE= 0.40. For CS model (Equation 4), the adjusted R? = 0.90, RMSE= 0.41. For
AW+CS model (Equation 5), the adjusted R? = 0.91, RMSE= 0.38.

WT
GS = 0.45 X WT? + 3.74 x — — 0.55 (6.3)

Age

DI
GS = 0.25 x Age + 391.28 x AI?> + 0.91 X In —~7.16 (6.4)
var
Al DI

GS = 0.52 X WT + 34.69 x i +0.61 X In — 4.60 (6.5)

var

The Bland-Altman plots of three models are shown in Figure 6.7. Overall, three linear
regression models were unbiased from the human assessment. For AW model, the mean
difference between observed and predicted GS was -0.005+0.392. The limits of agreement
between two methods were [-0.79, 0.78]. For CS model, the mean difference between
observed and predicted GS was -0.016+0.394. The limits of agreement between two
methods were [-0.80, 0.77]. For AW+CS model, the mean difference between observed
and predicted gait scores was 0.005+0.369. The limits of agreement between two methods
were [-0.73, 0.74].

6.3.6. Validation

Goodness of fit of three linear regression models are shown in Figure 6.8. In general, all
models could predict broiler GS accurately. The RMSE of three models were all lower than
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Figure 6.5 Correlations of gait score and body weight for Cobb 500 (a) and Ross 708 (b) broilers.

Greater gait score means worse walking ability, and greater activity index means more active birds.
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Figure 6.6 Correlations of gait score and distribution index for Cobb 500 (a) and Ross 708 (b) broilers.
Greater gait score means worse walking ability, and less distribution index means more uniform

distribution.
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Figure 6.7 Bland-Altman plots for the evaluation of the agreement between the observed (human
assessment) and predicted (linear regression model) gait score. Three figures correspond to models
developed for AW (a), CS (b) and AW+CS (c), respectively. The solid red line represents the mean of
difference between observed and predicted gait score. The dashed lines indicate the span of the 2 standard

deviations (95% CI) away from the mean.
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&9



5.00
~~~~~~~~~ Perfect fit line (y =x) #7 ’
s . ,
4004 — Regression model fitted gne .
2
S o
23.00 o ©
< o
on
=
3
£2.00 A
=]
o]
&
o
1.00 g
(]
RMSE =0.29
0.00 T T T T
0.00 1.00 2.00 3.00 4.00 5.00
Measured gait score
(@
5.00 3
P 4
- Perfect fit line (y =x) "
4.00 { —— Regression model fitted line ,',
[5)
g
23.00 A
)
=]
L
£2.00 A
=l
ol
&
1.00
RMSE = 0.25
0.00 T T T T
0.00 1.00 2.00 3.00 4.00 5.00
Measured gait score
©

7
-------- Perfect fit line (y =x) e ‘
—— Regression model fitted line 77
4.00 A ,
¢
2 7
o
Q
23.00 4
& [}
=
L
.22.00 A
=
O
-
1.00 1
RMSE = 0.28
0.00 T T T T
0.00 1.00 2.00 3.00 4.00 5.00
Measured gait score
(b)
5.00 —
-------- Perfect fit line (y = x) Pg
>
4.00 { —— Regression model fitted line - s
1 7
8 e
: 3.00 o ,%
&
o)
g
82
=
O
>
RMSE = 0.37
0.00 T T T T
0.00 1.00 2.00 3.00 4.00 5.00
Measured gait score
@

Figure 6.8 Goodness of fit of three linear regression models for Cobb 500 (a, ¢ and ¢) and Ross 708 (b,
d and f). Three rows of figures correspond to the performance of models developed for farms with

automatic weighing system (AW), farms with camera system (CS), and farms with both automatic

weighing system and camera system (AW-+CS), respectively.
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0.30, except that of the CS model for Ross 708 (RMSE = 0.37). The smallest RMSE (0.25)
was observed by using CS model to predict the GS of Cobb 500. The slopes of linear
regression lines for AW model were the closest to the perfect fit line (slope = 1) (1.01 for
Ross and 0.98 for Cobb). In respect of different breeds, regression line slopes of three
models for Cobb (1.01 for AW, 0.93 for CS, 0.91 for AW-+CS) were closer to the perfect
fit line as compared to Ross (0.98 for AW, 0.73 for CS, 0.89 for AW-+CS).

6.4 Discussion

Broiler GS is highly correlated with BW. Many factors that were reported to be related to
GS are actually functions of BW, such as genotype (Kestin et al., 1992; Knowles et al.,
2008), growth rate, and feed regime (nutrient and quantity) (Brickett et al., 2007; Su et al.,
1999). Kestin et al. (2001) assessed broiler GS for 13 genotypes fed with two feeding
programs and found that broiler lameness was highly correlated with liveweight and
growth rate. Similar results were observed in current study that the coefficients of
determination of BW and GS for Cobb 500 and Ross 708 were 0.9367 and 0.9434,
respectively. An earlier study by the same author found that slower-growing broilers are
less prone to become lame (Kestin et al., 1992). Consistent results were found in our study
that Ross broilers (3.0 = 0.3) had lower GS than Cobb (3.5 £ 0.4) by the end of the flock
due to slower growth (Table 3). Rapid growth of broilers may result in abnormally high
weights being placed on relatively immature bones and joints, thereby compromise the
walking ability (Webster, 1995).

Broiler Al could be an effective indicator of GS. It was observed in our study that GS and
Al fitted exponential regression for both Cobb and Ross broilers. Similar results were
reported by Van Hertem et al. (2018a) and van der Sluis et al. (2021) that activity level was
negatively correlated with GS. In respect of physiology, gait problems may cause pain
(Danbury et al., 2000), thus limit the locomotor activity of broiler chickens. On the other
hand, several studies have suggested that broiler walking ability could be improved by
increasing the activity level, such as the application of elevated platform (Kaukonen et al.,
2017b) and robotic vehicle (Yang et al., 2020). Different results were reported by Aydin et
al. (2010). The authors found a non-linear relationship between broiler Al and GS, while
birds with score 3 showed the highest levels of Al compared to birds with scores 0, 1, 2, 4
and 5. Possible reason of the discrepancy could be because Aydin et al. (2010) grouped the
broilers by GS. Therefore, the correlation between GS and Al at flock level could be
different when birds with different GSs are mixed up.

Distribution of birds could be used for GS assessment in an indirect manner. Although,
there was no significant relationship between GS and DI based on our results (DF1gure 6),
strong correlations between GS and the transformed variables (E and [n A—) were
observed. Spatial distribution of broiler chickens indicates the preference oty Birds on
housing environment. It has been suggested that higher DI could be linked to poor litter
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quality, thermal discomfort and insufficient feed or water supplies (Febrer et al., 2006).
Broiler behaviors might be another factor of DI. For instance, the DI would be higher if
multiple dust bathing spots are observed in the view of the camera. Because birds require
more space for dust bathing as compared to resting. There are limited studies have been
conducted regarding the relationship between GS and DI, further investigation will be
needed in the future.

Three linear regression models were developed in our study, corresponding to different
types of commercial farms. Farmers could choose the model based on what system is
available in their houses. Automatic weighing system is designed for determining the real-
time average BW of animals, which is usually installed in some well-equipped poultry
houses. In such farms, AW model (Equation 3) could be considered. It is shown in our
study that AW model had high accuracy in estimating GS with unknown dataset for Cobb
(RMSE = 0.29) and Ross (RMSE = 0.28) broilers. The application of automatic weighing
system, is however not common in commercial broiler houses. Low agreement between
automatic weighing and manual weighing has been reported by Chedad et al. (2003), and
the disagreement tended to be greater in the period of the finishing phase. Cameras, as non-
invasive and economic tools, have been widely used for animal behavior determination and
welfare assessment. The CS model could be implemented to broiler houses that are covered
by cameras. It is found in the current study that CS model outperformed AW and AW+CS
models in predicting GS of Cobb with unknown data (RMSE = 0.25). However, the
performance of CS model for predicting GS of Ross with unknown data is the worst
(RMSE = 0.37). The possible reason could be the difference between two flocks or the low
uniformity among different pens for Ross birds. For those state-of-the-art farms that have
both automatic weighing and camera systems, a comprehensive model (AW+CS) was also
proposed in our study. The AW+CS model showed the highest adjusted coefficient of
determination of 0.91 and the lowest root mean square error of 0.38 during the regression.
The model also performed well in determining GS with unknow data (RMSE = 0.27 for
Cobb and RMSE = 0.28 for Ross).

Van Hertem et al. (2018a) conducted a similar study in Europe. The authors developed a
broiler GS prediction model with an adjusted R2 = 0.83 and RMSE = 0.18. Automatic
weighing and camera systems were both required for the application of their model. In
addition, the camera system they used (eYeNmaic) costs over $22,000, which is
unaffordable for most of farmers. In our study, the cost of the system was reduced to $2,500
by using regular cameras and a computer. Different models (AW, CS and AW+CS) were
developed to accommodate farms with different precision tools. This improvement may
help to increase the acceptance of farmers of the system, thus improve the welfare of broiler
chickens. But it should be noted that our models were developed in labs, further validation
and modification will be conducted in commercial farms.
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6.5 Conclusions

In this study, the relationships of broiler gait score with body weight, age, strain, activity
and distribution were investigated. Three broiler gait score prediction models were also
developed to be used in different commercial farms. Gait score is positively correlated with
body weight (R =0.9367 for Cobb and R? = 0.9434 for Ross), while negatively correlated
with activity (R?=0.7796 for Cobb and R? =0.7307 for Ross). Three models could predict
flock gait score accurately based on automatically collected data (RMSE: 0.25-0.37). The
study shows the potential of using camera system to automatically determine broiler gait
score.
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CHAPTER VII

Discussion and Conclusions
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In this doctoral project, multiple motion-, vision- and audio-based PLF systems were
developed to address the challenges in broiler production and welfare. In addition, the
performances of theses PLF systems were evaluated as well. The results show that PLF
systems are promising approaches for monitoring broiler behaviors and improving animal
well-being.

Housing enrichment and solution for litter management

Elevated platform has been tested as a welfare enrichment in broiler houses in many
studies. Most of the research focused on the effects of elevated platform on broiler
performance, behaviors and welfare. It was reported in our study that the paw quality and
plumage cleanliness of broiler chickens were improved by platform, while no effects on
production performance was found (Chapter II). Different from typical platforms, a
removeable manure catcher was added in our EP system to collect manure dropped by birds
on the platform. Keeping litter dry is the most important objective of litter management
during the grow-out period. Water evaporation is considered as the only way to remove
moisture from litter after the placement of chickens. Among multiple sources of water
addition to litter, manure is one of the primary sources. Therefore, it could be assumed that
reducing manure accumulation is helpful to control LMC. In our study, manure catcher
was removed out of the house periodically during the flock, yielding a great improvement
of air and litter quality (Chapter II). Automatic systems should be considered in
commercial farms. Some automated litter removal systems have been commercialized,
such as the AutoShov Litter Removal System developed by Jansen Poultry Equipment
(Barneveld, The Netherlands). The system has a litter slider every 5 m and slides
automatically through the house with the help of a steel cable and motor unit. Excess litter
and manure drop onto a conveyor belt at the end of the system and is transported out of the
house. The performance of using litter removal system in commercial broiler farms needs
further investigation. But the idea of removing manure out of house during the grow-out
provides new possibilities for litter management in broiler houses.

Integration of PLF technologies

Integration of PLF technologies and data is crucial in terms of efficient farm management.
Numerous studies have been conducted regarding the application of smart sensors and
video cameras in poultry. Our research has proven that accelerometers (Chapter III),
microphones (Chapter IV) and cameras (Chapter V and VI) could be efficiently
implemented for broiler behavior monitoring. These tools are mostly used individually,
which may restrict their maximum potential. For example, ordinary cameras can only
capture the image information of a two-dimensional surface. Microphones can be used for
sound analysis, yet it cannot be validated by vision data. It would be exciting if different
PLF tools are combined. As such, the concept of internet of things (IoT) was coined. The
IoT is a infrastructure where varieties of devices are connected to the internet for the
purposes of data collection, transmission, storage, analysis and visualization (Astill et al.,
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2020). It enables the device-device communication, human-device communication and
device-human communication (Bello and Zeadally, 2014). In broiler production,
communications between PLF tools could be used to develop more intelligent systems. For
instance, NH3 concentration could be linked with ventilation system, or abnormal bird
activity in conjunction with the sound of cough could trigger an alarm of respiratory
disease. More devices are connected to the network, more complex the communication will
be. To enable and manage the multi-device communications, many challenges are needed
to be addressed, such as intelligent routing protocols, sustainable power supply for wireless
sensors, synchronization of multi-source data and management of the big data.

Individual vs. flock measurement

Different from other large livestock animals (e.g. pigs and dairy cow), the majority of PLF
in poultry were developed based on data collected at flock level. For example, the
eYeNamic camera system monitors bird welfare by determining the flock distribution and
activity. Our study (Chapter VI) also proved that flock distribution and activity were
reliable indicators for broiler gait score. As another example, the optical flow patterns made
by the movements of broiler flocks were highly correlated with the mortality and
occurrence of hock burn (Dawkins et al., 2021). The major reason for monitoring broilers
at flock level is the housing system. Broilers are usually reared in large flocks, with the
capacity of over 10,000 birds. Take RFID system as an example, attaching tags to every
bird is expensive and laborious. The management of such large amount of tags is another
concern. On the other hand, the broiler chickens are too small (0.045-3 kg) to afford most
of sensors. Wearable sensors are good tools for lab research, however, its application in
commercial farms needs to be reconsidered.

Commercialization of PLF in poultry

In general, the commercialization of PLF in poultry lags behind that in other species (e.g.
pigs). One of the reasons is that PLF technologies in broiler chickens are mostly developed
in labs, where the housing environmental are completely different from commercial farms.
Applying lab-based PLF technologies to real-life production may lead to rejection by early
adopters due to poor robustness. Lacking of cooperation with researchers in other fields
(e.g. computer science, electronic engineering) and manufacturing companies could also
postpone the commercialization of PLF in poultry (Wathes, 2009). From farmers’
perspective, the demand and acceptance of PLF is still unclear. The payback period of PLF
systems remains uncertain (Wathes et al., 2008). Therefore, it would be great for
researchers to develop and test their technologies in commercial farms. Seeking
cooperation with companies to optimize and commercialize the technologies is also
important.

Future work
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Looking for viable ways to accelerate the advancement of PLF in poultry is the major goal
of future work. From the perspective of system developers, applying precision technologies
of human world to poultry production, such as artificial intelligence, cloud computing,
blockchain and IoT, could provide the development of PLF more possibilities. It is also
important for developers to keep improving the performance and robustness of PLF
systems. Developing more affordable products with better Return on Investment (ROI)
could help increase farmers’ acceptance of PLF. In addition, the application of PLF will
generate huge amount of data, how to take advantage of the big data should be considered
as well. For farmers’ side, establishing their trust in PLF systems is crucial. Solid data
regarding benefits of using PLF systems in chicken barns should be provided. Precision
livestock farming are developed to serve animals. Therefore, protecting animals from the
robot injury is another thing should be concerned in the furture.
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