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ABSTRACT 

ESTIMATING DAILY ENERY FLOWS IN FREESTALL-HOUSED DAIRY CATTLE 
WITH AUTOMATED DATA COLLECTION 

 

Patricia Marie Kedzierski 
University of Guelph, 2020

                         Advisor(s): 
                          Dr. John P. Cant 

 

 The use of automated technology at the Dairy Research and Innovation Centre (Elora, 

ON) to calculate energy flows was studied in 29 multiparous cows over a period of 29 days in a 

freestall-housed environment. Cows were subjected to automatic feed intake, body weight 

measurements, body condition score measurements, milk yield and components, and respiratory 

gas measurements. The equipment was reliable, repeatable and easy to integrate. Energy flows 

were able to be calculated using the data provided. Heat production calculations can be a 

valuable tool in determining energy status. It is possible NRC is underestimating maintenance 

energy requirements and heat production in cows, possibly not accounting for individual 

variation. Furthermore, integration of the data highlighted that variation was higher between 

cows than within. This variation result was expected, and further integrated use of these 

technologies can help to create individualized management for dairy cows.  
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Chapter 1: Literature Review  

1.1 General Introduction 

Over the years the dairy industry has strived to maximize milk production while 

maintaining overall health of the dairy cow. Maximizing production, along with minimizing 

incidences of disease, is the ultimate goal for dairy farmers as this offers potential to improve 

health of their cows and increase profits. Dairy cows experience a negative energy balance 

(NEB) in early lactation, when their energy intake does not meet the demands for milk synthesis. 

Experiencing a NEB can make cows more susceptible to disease, which negatively impacts their 

production and can lead to reduced profitability. The dairy industry is continuously investigating 

innovative technologies which focus on cows as individual production units, rather than focusing 

on the herd as a whole: “precision dairy farming”. Precision dairy farming offers the opportunity 

to identify NEB in cows and onset of disease using automated technology. Furthermore, using 

automated technology can potentially minimize the NEB seen during early lactation, which will 

improve overall production and health of dairy cows. 

 This review focuses on identifying the cause of NEB during early lactation, current 

feeding management practices, and automated technologies currently used in the dairy industry. 

Additionally, this review will cover how these innovative technologies, specifically gas 

measurements using a respiratory gas exchange monitoring system (GEM), can be used to 

monitor individual cows and estimate energy balance. Lastly, the review discusses the use of 

indirect calorimetry and energy systems currently used. 
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1.2 Negative Energy Balance in Early Lactation 

During early lactation, cows are most susceptible to disease due to a negative energy 

balance (NEB), where nutritional intake does not meet the cows’ energy requirement for milk 

synthesis (Bell, 1995). Entering a NEB leaves cows susceptible to metabolic disorders such as, 

but not limited to: fatty liver, ketosis, displaced-abomasum, mastitis and milk fever (Goff and 

Horst, 1997; Ingvartsen, 2006; Mulligan et al., 2006). Moreover, high-yielding dairy cows are 

more susceptible to NEB during the transition period (Gross et al., 2011). The transition period, 

known as a critical period, is defined as the period from 3 weeks before to 3 weeks after 

parturition. A general decline in dry matter intake (DMI) begins 3 weeks before parturition 

(Drackley, 1999). Consequently, when DMI is insufficient for meeting the energy demands for 

lactation this causes the body to mobilize fat and muscle tissue reserves (Bauman and Currie, 

1980). A NEB can be expected to last up to the 14th week of lactation (NRC 2001).  

Being able to estimate NEB on farm in real-time would be especially helpful, as this 

would allow producers to respond to excessive NEB rapidly (Thorup et al., 2018). This could 

minimize negative effects such as, lameness, calving problems and BCS loss (Wathes et al., 

2007; Thorup et al., 2013). Energy balance (EB) is typically calculated by determining the 

difference between the energy input and output: energy coming in through nutrients in the feed 

and energy going out through milk production, maintenance, activity, etc. Essentially, it is the 

feed intake minus milk produced and nutrients catabolized (Wathes et al., 2007). EB can be 

estimated from frequent measurements of body condition score (BCS) and body weight (BW), 

but several new technologies can be potentially used as well, to determine accurate real-time EB 
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(Thorup et al., 2018). Precision dairy farming, focused on individualized management using 

automated technology, could thus be a way to detect NEB and minimize the incidence of disease.  

1.3 Feeding Management Practices 

The predominant practice of feeding multiple dairy cows in a group the same diet (same 

mixture of ingredients) is called “herd feeding” and typically all cows are given the same ration 

(amount of feed) during lactation (Hills et al. 2015; Maltz et al. 2013). With growing herd sizes, 

feeding practices have shifted away from focusing on individual cows, and instead group cows 

together to feed them a total mixed ration (TMR). The TMR is formulated based on a cow who is 

representative of the average or upper percentile of the herd. Therefore, if all cows are fed the 

same diet, based on this representative cow, a large proportion of the herd will become over- or 

underfed (Maltz et al. 2013). Additionally, there is large variability of DMI among cows that is 

not well understood (Hills et al., 2015). Overfeeding less productive cows can potentially 

increase amount of nutrients excreted rather than used for production, while underfeeding can 

lead to a more severe NEB during early lactation and its associated problems (Hills et al. 2015; 

Maltz et al. 2013). 

An alternative to a single TMR for the entire herd is to group cows based on similar 

characteristics, primarily parity, and formulate separate TMRs of appropriate caloric density and 

composition for each group (Spahr et al., 1993). Spahr et al. (1993) evaluated the assignment of 

cows based on early lactation performance to determine the correct time to switch from high to 

medium nutrient concentration TMR. They reported some success with classifying cows as low 

or medium yielding in later lactation, as opposed to determination of medium or high (Spahr et 

al., 1993). However, milk yield alone may not provide enough information to accurately 
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formulate feed (Maltz et al. 2013; Spahr et al. 1993). The use of daily BW and BCS 

measurements, as well as computer-controlled self-feeders, allow more precise nutrient 

supplementation to individual cows (Peiper et al., 1993; Andre et al., 2010). Furthermore, with 

new technologies emerging in the dairy industry, individualised feeding is becoming increasingly 

possible. An observational study by Andre et al. (2010) found that among-cow variation in milk 

yields resulting from different concentrate intakes could be individualized in a way to increase 

profitability (Andre et al., 2010). In addition, studies have reported increased cow productivity 

when individualised programs using precision nutrition were implemented (Wang et al., 2000; 

Cerosaletti et al., 2004). 

Although precision feeding is still being tested and developed for dairy cattle, it has been 

successfully implemented with growing pigs (Andretta et al., 2016). Andretta et al. (2016) used 

70 growing pigs and assigned a blend of 2 feed mixtures, high and low nutrient density, that 

were adjusted daily to match 80 to 110% of each individual pig’s estimated nutrient 

requirements. A range of 80 to 110% nutrient requirements over the course of the study were 

used to evaluate the differences of under- or over providing nutrients (Andretta et al., 2016). 

Feed intake, BW and body composition were recorded daily. Results indicated that feeding pigs 

with daily tailored diets reduced the cost of feed per pig, and reduced nitrogen excretion in 

manure (Andretta et al., 2016). The beneficial impact supports the need for future research 

developing precision feeding programs for dairy cattle.  

Current feeding management practices do not target the individual and are focused on 

herd feeding. Herd feeding can potentially lead to under- or overfeeding, which can cause 

increased NEB and excess nutrient loss. The push to lower feed costs while maintaining optimal 
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production in dairy cows could be satisfied by precision feeding. Further research is needed 

using automated technology to provide frequent observations, which will then allow for nutrients 

to be tailored to each cow’s individual needs. 

1.4 Automated Technology Systems Used on Dairy Farms  

1.4.1 Automated Milking Systems 

Milking strategies have advanced in the last two decades to maximize milk production 

and minimize overall costs (Jacobs and Siegford, 2012).  Milking is labour intensive and can 

interfere with time available to perform other tasks, such as individual health monitoring (Devir 

et al., 1996).  Recent automated milking technologies include the automatic milking system 

(AMS) and the automatic milking parlour (AMP) (Jacobs and Siegford, 2012). Both systems use 

radio frequency identification (RFID) technology to identify individual cows and allow for data 

to be uploaded online immediately. These records can be monitored daily to view any changes 

(Jacobs and Siegford, 2012). The AMP  successfully reduces milking hours and allows cows to 

be looked over twice daily during milking times (Hogeveen and Ouweltjes, 2003), while the 

AMS provides automatic milking which requires no human interference, and allows cows to visit 

voluntarily (Devir et al., 1996).    

Automatic milking systems were first implemented in 1992 on Dutch dairy farms and 

have since spread worldwide (Hogeveen and Ouweltjes, 2003; Jacobs and Siegford, 2012).  They 

allow farmers to view cows as individuals and monitor their production closely. Monitoring milk 

yield and quality allows for advanced screening of disease, such as mastitis, and milking can be 

adjusted based on the cow’s physiological state (Devir et al., 1996; Maltz et al., 1997). 

Additionally, milk quality can be measured by analyzing somatic cell count (SCC) and abnormal 
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colour changes which can potentially help to diagnose mastitis (Jacobs and Siegford, 2012). The 

use of these automatic systems significantly reduces the labour devoted to milking and allows for 

individual monitoring of animals. Monitoring milk yield and quality can allow for early 

diagnosis of disease, which enables farmers to make management decisions related to feeding 

and milking regime. Lastly, although milking systems can be costly initially, in the long run they 

can potentially help to minimize cost per animal and increase economic return, depending on 

farm management and labour wages (Rotz et al., 2003; Salfer et al., 2017) . 

1.4.2 Body Condition Score Measurements  

BCS measures the relative amount of subcutaneous body fat or energy reserves in dairy 

cows and changes in BCS can be a useful indicator of energy balance in individual cows. 

Measurements rely on a 5-point scale with 0.25 increments, where 1 represents emaciated cows 

and 5 represents obese cows (Ferguson et al., 1994). BCS is typically measured by eye or 

palpation by farmers and vets, which is not feasible for a large group of animals (Ferguson et al., 

1994; Spoliansky et al., 2016; Song et al., 2019). Additionally, measuring BCS regularly has 

been used as a tool to evaluate herd health, calving performance and overall productivity 

(Bewley and Schutz, 2008; Roche et al., 2009). Abnormal or sudden variation in BCS can be an 

indication of metabolic failure by disorder, disease or improper management (Song et al., 2019). 

Furthermore, excess loss of BCS can reduce milk production and lower reproduction capabilities 

(Ferguson et al., 1994).   

Although the use of automatic BCS monitoring has not been widespread, the use of an 

automatic BCS camera, capturing 3-dimensional (3D) images, would be very useful to monitor 

large herds (Bewley et al., 2008).  Current research is focusing on developing and testing 
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automated 3D cameras to accurately assess BCS without human interference (Song et al., 2019). 

However, further research still needs to be done to account for body shape variation and different 

algorithms within cameras (Spoliansky et al., 2016; Song et al., 2019).  Automatic BCS 

monitoring may facilitate the assessment of feed efficiency and recognition of changes in 

individual animals that may affect their performance. Small changes in BCS are not visible even 

to the most trained eye (Bewley et al., 2008). 

1.4.3 Body Weight Measurements 

Recording the live BW of dairy cattle has been a widely used practice in both dairy 

production and research over the years. Measuring BW has been used to monitor dairy cattle 

health, reproduction and milk production (Berry et al., 2007). Furthermore, daily BW recording 

can be used by dairy farmers to make management decisions, such as feeding according to cow 

BW to prevent over fattening (Peiper et al., 1993; Maltz et al., 1997). Research has reported 3 

main forms of recording the BW of dairy cattle: by stationary scale, scales combined with self-

feeders or AMS, and by electronic scales placed at the exit of the milking parlour for cows to 

walkover (Maltz et al., 1997). Prior to the use of walk-over automatic scales, BW was recorded 

by moving cows to a separate location and weighing them on a stationary scale. This required 

cows to stand still on it for a few seconds, which is time consuming for farmers, and stressful for 

cows (Ren et al., 1992; Alawneh et al., 2011).  

The first walk through weighing device was designed by Filby et al. (1979), and this 

study established that the walk-through weighing method could prove to be useful if the 

algorithms were further developed to handle movement within the scale and identification of 

cows (Filby et al., 1979). Since that time, the use of walk over scales has become more popular 
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and the algorithms to provide real-time weights have been well researched (Ren et al., 1992; 

Peiper et al., 1993). The real-time weight is recorded as cows are exiting the milking parlour, and 

the weights are averaged using two readings from morning and afternoon milking, and 

eliminating outliers (Alawneh et al., 2011). Recordings need to be monitored to ensure accuracy 

and efficacy of the scale. Furthermore, walk over weights prove to be a fundamental tool on 

dairy farms as they allow for two BW recordings per day, and can indicate changes in health, 

although these need to be considered with other factors such as feed intake and BCS (Charmley 

et al., 2006; Thorup et al., 2013). 

1.4.4 Feed Intake Measurements Systems 

Monitoring feed intake and feeding behaviour has potential to support management 

decisions and predict the onset of disease. Healthy cows generally have a higher feed intake than 

morbid cows (Sowell et al., 1998; Vandehaar, 1998; Shelley et al., 2016) so if intake decreases 

compared to past readings, this can be a sign of disease (Huzzey et al., 2007). Huzzey et al. 

(2007) found that cows at risk for metritis could be identified through their decreased prepartum 

DMI and feeding time.  Additionally, monitoring feed intake has been used to ensure cows are 

treated medically at the early stages of disease, which allows for faster recovery (Sowell et al., 

1998). Furthermore, feed is responsible for about one half of costs on farm and monitoring 

individual cow feed intake allows for improved decisions on amount of feed to be purchased 

(Vandehaar, 1998).  

Feed intake has been predominantly measured over the years by measuring feed refusals 

for small groups (Huisma and Mcallister 1999; Seymour et al. 2019), using weigher wagons 

during mixing for a group of cows (Halachmi et al., 2004), automatic feed intake measurement 
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systems (Sowell et al., 1998; Chapinal et al., 2007) and by using mathematical models to predict 

DMI (Brown et al., 1977; Halachmi et al., 1998). Measuring feed refusals is a labour-intensive 

task that works well for small groups, though is not feasible for a large group (Halachmi et al. 

2004; Seymour et al. 2019). Additionally, using the weight of a mixing wagon for a group of 

cows is not accurate and leaves room for error. Lastly, the prediction of DMI can be close in 

accuracy, but is still not 100% reliable; is more efficient in small groups; and it has a tendency to 

under predict DMI (Brown et al., 1977; Halachmi et al., 2004; Rim et al., 2008). Prediction of 

DMI is largely based on current BW and milk yield, but this method is not accurate because DMI 

can be affected by other factors like grouping and cow activity in the pens (Rim et al., 2008). 

More recently, methods for measuring feed intake using RFID technology and gate 

systems such as the Growsafe (GrowSafe Systems Ltd., Airdrie, AB, Canada) and Insentec 

(Hokofarm Group, Marknesse, The Netherlands), have been validated as useful in terms of 

monitoring feeding behaviours such as time spent eating feed, total visits per day, total intake per 

day and average rate of consuming feed, and providing accurate measures of daily feed intake 

(Sowell et al., 1998; Chapinal et al., 2007). Automatic measuring of feed intake is a useful tool 

for farmers to make decisions that promote overall health of their dairy cattle and efficient use of 

purchased feed. 

1.4.5 Respiratory Gas Measurements 

Respiratory methane emissions from ruminants has become an extensively researched 

topic. Because it is a greenhouse gas, producers and researchers alike are looking for ways to 

reduce ruminant methane production (Hammond et al., 2015; Hristov et al., 2015). Methane is 

produced as a consequence of anaerobic fermentation of ingested feed by microbes in the rumen 
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that liberates energy from otherwise indigestible fibre. Measuring digestive methane production 

relies heavily on correct research designs, as well as accurate measurement techniques. Several 

ways to measure methane production have been developed: respiration chambers, a sulfur 

hexafluoride tracer technique, and head chambers (Hristov and Reynolds, 2016). The most 

widely used and practical technique has been an automated head chamber system known as the 

GreenFeed system (C-lock Inc, Rapid City, USA) (Hristov et al., 2015).  

The GreenFeed system is able to automatically record methane (CH4) and carbon dioxide 

(CO2) exhalation, as well as oxygen (O2) consumption, from an animal multiple times per day in 

a pasture, free- or tie-stall barn. The GreenFeed works as a head chamber that dispenses feed for 

animals, enticing them to put their head inside for a few minutes at a time in order to collect gas 

flux measurements (Huhtanen et al., 2015). Success of the measurement relies on animal 

visitation to the unit, for which cows must be trained or acclimated beforehand (Hammond et al., 

2015; Hristov et al., 2015). It is not always guaranteed that animals will visit the Greenfeed 

regularly or at all, therefore it is recommended to run trials for a considerable amount of time to 

enable increased opportunities for readings (Renand and Maupetit, 2016; Arthur et al., 2017). 

 Each animal’s unique RFID number is read by the system which allows the manager to 

program a predetermined amount of pellet for bait. Additionally, total number of visits per day 

and frequency can be controlled through an online system provided by C-lock (Hristov et al., 

2015). Accurate gas production measurement with the GreenFeed system requires gas recovery 

tests and standard calibrations to be performed monthly (Hammond et al., 2015; Hristov et al., 

2015; Gerrits et al., 2018). The GreenFeed system has been validated for measuring methane 



 

 

11 

 

production of dairy cattle, and the automatic readings, as well as easy to use software, make it a 

useful tool in research barns.  

Although the GreenFeed system has been used primarily for methane flux measurements, 

it can be used for respiratory CO2 and O2 flux measurements as well. C-lock Inc provides the 

option to purchase an O2 sensor which lets researchers examine the respiratory quotient (RQ) for 

individual cows.  

1.5 Indirect Calorimetry 

Indirect calorimetry measures total heat production from the body by measuring O2 

consumption and CO2 production, with the assumption that all O2 is used for degradable fuels 

and all CO2 is recovered. Extracting energy from a substrate like glucose or fat is achieved in the 

body through enyzme-mediated oxidation, which results in O2 consumption and CO2 production. 

The molar or volume ratio of CO2 production (VCO2) to O2 (VO2) consumption (Oshima et al., 

2017) is termed the respiratory quotient (RQ) and it gives information as to which macronutrient 

is being oxidized by the animal. An RQ value of 1 indicates pure carbohydrate oxidation while 

0.7 represents pure fat oxidation, and a value of 0.83 indicates protein oxidation  (Mclean and 

Tobin, 1987; Kim et al., 2013). Glucose fermentation in the rumen and oxidation in the pentose 

cycle of lipogenic organs causes the RQ to climb above 1.0. 

Knowing which substrate is being oxidized is important for estimating the heat 

production of cows because each substrate contains different concentrations of combustible 

energy. Additionally, measurements obtained by indirect calorimetry can be used to calculate 

heat production (HP) (Kaufmann et al., 2011). HP equations require measurements of O2 and 
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CO2, although RQ used within these equations is usually assumed at a standard value between 

0.9 to 1.0, as these have been previously reported in cattle (Madsen et al., 2010).  The HP 

equation commonly used was derived by Brouwer (1965): 

       HP = 3.866 O2 + 1.200 CO2 - 0.518 CH4 - 1.431 N 
 

Use of the Brouwer equation requires estimates of urinary N excretion. In cases where 

such data are unavailable, Kaufmann et al. (2011) proposed: 

HP (Mcal/d) = (1.185 + 3.841/RQ ´ QCO2)/1000 

If RQ has not been measured and only CO2 production data are available, a standard RQ 

value may be substituted. Pereira et al. (2015) assumed an RQ of 0.95 for their estimation of HP 

in dairy cattle. Calculating HP can help to predict DMI, and determine energy expenditure (EE) 

in animals, which can aid in determining energy status (Madsen et al., 2010; Kaufmann et al., 

2011; Pereira et al., 2015; Oshima et al., 2017). Future research now needs to be done using 

indirect calorimetry to measure respiratory gases and to compare reliability of HP equations.  

1.6 Energy Systems  

Heat production is one of the major sinks into which dietary energy is partitioned, where 

the other sinks are feces, urine, milk and body. Gross energy (GE) is defined as the total 

chemical energy a food contains that is released during complete combustion (Vandehaar, 1998; 

Agnew and Yan, 2005). However, not all of the GE content of a feed is useful due to losses 

associated with digestion and metabolism of nutrients in the feed (Vandehaar, 1998; Agnew and 
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Yan, 2005). These losses are variable and accounting for them gives a more precise and accurate 

indication of the dietary energy available for lactation and growth. 

 Digestible energy (DE) is calculated as GE minus energy lost in feces (Agnew and Yan, 

2005). Metabolizable energy (ME) is calculated as the difference between DE and energy lost in 

urine and lost in CH4 during digestion (Agnew and Yan, 2005). ME represents the amount of 

combustible nutrient absorbed by the animal and available for metabolism (Agnew and Yan, 

2005). ME content of feeds is typically estimated from their macronutrient composition, using 

equations based on theoretical combustible energy contents and digestibility parameters (Weiss 

and Tebbe, 2019). 

 Removing fecal, urinary and gaseous losses from GE accounts for much of the variation 

between feeds in the levels of energy retention supported. The ME of ingested feeds is either 

retained in milk and body, or lost as heat (Vandehaar, 1998; Agnew and Yan, 2005). Net energy 

(NE) content of feeds is determined by subtracting the heat increment associated with 

fermenting, digesting and assimilating nutrients that contain the ME of a diet (Vandehaar, 1998). 

This NEL value is used by nutritionists to fulfill estimated requirements for maintenance, 

pregnancy, milk production and changes in body reserves in adult dairy cows (NRC 2001).  

 Heat production estimated by indirect calorimetry is generated from the ME intake. 

Likewise, energy contained in the protein, fat and lactose of milk arises from the ME intake. 

Thus, energy balance of cows can be estimated as ME intake – HP – milk energy. A NEB 

indicates that body reserves are being mobilized, while a positive EB indicates energy storage. 

To avoid problems associated with NEB, EB can be monitored in real-time and remotely with a 
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combination of measurements of feed composition and intake from an automatic intake system, 

milk production and composition from the milking unit, and HP from an indirect calorimetry 

system.  

 

1.7 Study Objectives  

Several studies have reported the use of automated technology on farm. However, a limited 

number of studies have investigated the integration of multiple systems together in one setting. 

Additionally, although the GEM is used regularly to determine methane emissions, respiratory 

gas exchange to determine HP in real time has been less studied.  Presently, no studies have 

looked at calculating energy balance in real-time using several methods of automated 

technology. Therefore, the objectives of the research described in this thesis were as follows: 

1. To evaluate the relative variation in EB-related measurements obtained using automated 

systems at the Elora Dairy Research Centre; 

2. To evaluate estimation of real-time energy balance and HP using automated technology 

on farm. 
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Chapter 2: Evaluating the use of automatic technology to determine energy flows in free-
stall housed dairy cattle 

2.1 Introduction 

During the first 50 to 100 days of lactation, dairy cows experience a NEB in which DMI 

is insufficient to meet the energy demands of milk production. Prolonged NEB or too rapid a 

decline in EB can lead to increased incidences of disease, which causes farmers to lose profit. 

Additionally, one of the largest costs on farm goes towards the purchase of feed (Seymour et al. 

2019). Currently, groups of lactating cows, and oftentimes entire herds, are fed a single TMR 

formulated for a representative cow, which can lead to over- or underfeeding individuals within 

the group (Maltz et al., 2013). Sub-optimal feeding can cause reproductive problems, lower milk 

production and increased disease incidence. Recently, literature has reported the shift towards 

individualized feeding programs on farm to optimize health and production of cows. This is 

possible through the advent of automated technology such as the AMP, walk over scales, body 

condition score cameras, feed intake measurement systems and head chambers to measure 

respiratory gas exchange. 

 The use of automated technology to monitor cows as individuals can defined as: 

“precision dairy farming” (Barkema et al., 2015). Precision dairy farming is a potential way to 

identify and account for variation between animals and to predict energy balance. However, to 

date no studies have used multiple automated technologies to determine EB in dairy cows. 

Several studies have attempted to calculate EB, but, with only few automated measurements 

(Thorup et al., 2013, 2018; Erdmann et al., 2019). Thorup et al. (2013) developed a method to 

calculate EB using only liveweight measurements or the addition of BCS measurements. This 

study was successful, but, encountered limitations due to adjustments for gutfill and slight loss in 
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precision when BCS was not used (Thorup et al., 2013). Erdmann et al. (2018) compared 

estimated energy balance to previously published energy balance equations. In this study they 

used open-circuit respiration chambers, feed intake, water intake, milk yield, temperature and 

standing and lying times of the cows (Erdmann et al., 2019). The only methods that were 

automated in this study were feed and water intake, equipped in the chamber bins. Furthermore, 

Thorup et al. (2018) further tested their estimations of EB using BW and BCS, as well as several 

smoothing techniques and found that the methods could be used in real-world conditions. In 

conclusion, although these studies were able to estimate EB, limited automated technologies 

were used. 

Furthermore, limited research has been done using automated respiratory gas 

measurements in dairy cattle. The GreenFeed system is well studied in regard to methane 

production, but less so with respiratory gas measurements (Hammond et al., 2015; Huhtanen et 

al., 2015). O2 consumption and CO2 production can be used to calculate HP, which can be used 

to calculate energy balance. Recently, the GreenFeed system has been used to estimate HP, ME 

intake and DMI (Pereira et al., 2015; Caetano et al., 2018). Caetano et al. (2018) found that CH4 

and CO2 measurements provided by the GreenFeed, can be used to estimate the ME intake and 

HP of 8 Angus steers. This study highlighted the future potential for the GreenFeed system to 

determine energy relations (Caetano et al., 2018). Similarly, Pereira et al. (2015) estimated DMI 

using dietary backward estimations of energy partition, combined with CH4 and CO2 

measurements provided by the GreenFeed for lactating cows. Neither study used an O2 sensor, 

therefore RQ was assumed to be 0.85 (Caetano et al., 2018) and 0.95 (Pereira et al., 2015). Using 
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real-time RQ will help energy expenditure measurements to be more accurate (Caetano et al., 

2018). 

Therefore, due to limitations in the literature the objective of the present study is to 

evaluate the variation in EB-related measurements, estimate real-time EB and HP using 

automated technology systems at the Elora Dairy Research Centre. We recorded individual daily 

DMI, milk yield, BW, BCS, and respiratory CO2, O2 and CH4 exchanges of 29 cows housed in a 

free-stall pen and milked in a parlour. Cows were intentionally chosen to represent a range of 

parities (1 to 4) and DIM (22 to 472). The main expected sources of variation were differences 

between cows, differences between days as individual cows progress through lactation and 

fluctuating environmental conditions, and imprecision of the measuring device.   

2.3 Materials and Methods  

2.3.1 Animals and Housing 

 All experimental procedures were approved by the Animal Care Committee at the 

University of Guelph. Twenty multiparous and nine primiparous cows began the experiment 

ranging from 22 to 472 days in milk (DIM). Cows were housed in a free-stall pen equipped with 

a headbox unit to monitor respiratory gas exchange (GreenFeed, C-lock Inc, Rapid City, USA) 

and automated feed stations (Insentec, Hokofarm, Marknesse, The Netherlands) at the Elora 

Dairy Research Station (Elora, ON) for a period of 4 wks.  Cows had individual free access to 

feed and water throughout the study and were milked twice daily at 0530 and 1730 h. All cows 

had access to all 15 feed stations in the pen that were filled once daily with a partial mixed ration 

(PMR; Table 1). Feed stations automatically recorded visit duration and feed weight removed per 

visit continuously throughout the day. Total daily feed intake was calculated after removal of 
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outliers based on the regression method of Thorup et al. (2016). First, visits to the feed station 

with a negative intake were removed (800 of 56,892 visits). Then, intake was regressed on visit 

duration and visits with a residual intake more than 5 SD units from the regression line were 

removed (278 of 56,092 visits). 

 PMR samples were collected daily and pooled weekly over the 4-wk study and submitted 

for nutrient composition analysis by wet chemistry at a commercial laboratory (SGS Agri-food 

laboratories, Guelph, ON). Dry matter contents of feed samples were determined by drying in a 

forced air oven at 60°C for 48 hours and used to calculate total DMI per day for each cow. 
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Table 1. Ingredient and chemical composition of experimental PMR (% of DM unless otherwise 

noted; n = 4) fed to lactating dairy cattle subjected to automated data collection. 

Component Content, % of DM Robot Pellet2 

Ingredient   

       Wheat Straw 2.10  

       Alfalfa Silage    33.94  

       Corn Silage  34.81  

       High moisture corn  15.22  

       Soy Plus  6.87  

       Soybean meal 3.20  

       Canola Meal 0.76  

       Wheat Shorts 0.41  

       Tallow  0.15  

       Vitamin/mineral mix  2.55  

Nutrient   

        DM, % as -fed 44.3 ± 1.56 89.0 

        CP  15.5 ± 0.78 20.4 

        Soluble protein, % of CP 5.0 ± 0.02 5.1 

        ADICP, % of CP 10.3 ± 0.31 0.7 

        NDICP, % of CP 20.3 ± 0.08 1.8 

        NDF  32.1 ± 1.75 24.4 



 

 

20 

 

        ADF 15.3 ± 1.34 12.7 

        Lignin   2.8 ± 0.17 1.6 

        NFC 47.0 ± 1.03 46.5 

        Fat 2.7 ± 0.16 2.2 

        Ash 5.8 ± 0.15 5.6 

        Ca 0.75 ± 0.02 0.6 

        P 0.36 ± 0.01 0.5 

        NEL, Mcal/kg1 1.59 ± 0.02 1.5 

1 estimated from NRC (2001) 

2 Dairy robot pellet (Floradale Feed Mill, Floradale, ON) 
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2.3.2 Measurements of Milk and Milk Components 

Milk yield (MY) was automatically recorded in a Delaval Rotary Parlour (Delaval, 

Tumba, Sweden). Milk samples were collected on two days per week at both AM and PM 

milkings. Samples were stored immediately at 4°C and analyzed within 1 d for fat, protein and 

lactose content by infrared spectroscopy (Laboratory Services Division, University of Guelph, 

Guelph, ON). Daily component percentages, accounting for AM and PM milk yields, were 

averaged across the two sampling days and were used as weekly averages to calculate daily fat, 

protein and lactose yields. 

2.3.3 BW and BCS Measurements 

Twice daily, immediately after exiting the rotary parlour, cows were weighed on a walk-

over scale and simultaneously BCS was obtained using a 3-D imaging camera (DeLaval, Tumba, 

Sweden). For 29 cows over 28 days, the number of BW measurements expected was 1624. The 

initial data set contained 1764 records, 405 of which were missing BW values due to shaky 

behaviour in the scale. Mean daily BW were calculated, outliers more than 3.5 SD away from the 

mean for each cow were removed (4 of 790 records), and a smoothing algorithm was applied to 

the timecourse of BW for each cow. Locally weighted smoothing (Cleveland, 1979) was 

performed with the LOESS function of R (R Development Core Team, 2018) using a span of 

0.40 of the total timepoints. Missing daily BW values (55 of 841 records) were imputed from the 

smoothed curves. BCS measurements were averaged per day from AM and PM recordings.  

2.3.4 GreenFeed Measurements 

Cows were adapted to the respiratory gas exchange monitoring (GEM) system for 1 wk 

prior to beginning the study. The GEM system has been described in detail elsewhere (Huhtanen 
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et al., 2015). Briefly, the GEM unit contains an individual feed manger into which cows are 

enticed to place their heads with a pelleted feed. An infrared beam sensor detects correct head 

position within the manger. Expired air is drawn into a sampler where it is continuously analyzed 

for O2, CO2 and CH4 with infrared sensors. Cows are identified by radio frequency identification 

(RFID) devices and pellet is automatically dropped into the manger according to user settings for 

each cow. For this experiment, all cows were allowed to consume a maximum of 10 drops per 

visit, depending on time spent in the feeder where drops were dispensed every 30 s. Additionally, 

cows were allowed a maximum of 12 visits per day with at least 2 h between visits. Chemical 

composition of the pellet offered to cows is given in Table 1. Pellet ingredient formulation is 

proprietary to Floradale Feed Mill Ltd, Floradale, ON.  Each pellet drop was found to weigh 44 

g. Number of pellet drops in the GEM unit was accounted for when estimating daily DM, DE 

and ME intakes.  

Respiratory gas flux was estimated from background gas concentration, the differential 

concentration of gas during correct placement of the cow’s head in the GEM unit and a 

calibration coefficient for concentration (Hammond et al., 2015). Air filters were changed 

weekly to ensure optimal air flow and a CO2 recovery test was performed at day 0 and 28 of the 

study. Recovery averaged 87.5%. Calibration of span gas analyzers was conducted once during 

the 4-wk study using certified calibration standard gases (oxygen-free nitrogen, and nitrogen 

with 0.1% methane, 1.0% carbon dioxide and 21% oxygen) purchased from Praxair (Ottawa, 

ON. Gerrits et al. (2018) recommend monthly recovery tests and standard calibrations.  

2.3.5 Calculations 

 Daily metabolizable energy (ME) intake was estimated according to NRC (2001) as: 
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 MEI (Mcal/d) = DMI(1.01 ´ DEI/DMI – 0.45) Eq. 1 

where DMI is daily DM intake (kg/d) from PMR plus pellet, DEI is digestible energy intake 

estimated from maintenance DE intake and a DMI discount according to NRC (2001).  

Daily energy loss into milk was calculated from milk yield (MY) and composition 

according to NRC (2001) as: 

 Milk E (Mcal/d) = (0.0929 ´ Fat% + 0.0547 ´ CP% + 0.0395 ´ Lactose%) ´ MY. Eq. 2 

Heat production was calculated from respiratory gas exchange data according to Brouwer 

et al. (1965), modified by Kaufmann et al (2011) to ignore urinary N correction, as: 

 HP (Mcal/d) = (1.185 + 3.841/RQ ´ QCO2)/1000 Eq. 3 

where RQ is the volume ratio of CO2 production to O2 consumption, and QCO2 is the daily 

volume of CO2 production. 

 Recovered energy in body and milk was estimated as: 

 RE (Mcal/d)  = MEI – HP Eq. 4 

and daily loss of energy into body components was estimated as: 

 Body E (Mcal/d) = RE – Milk E. Eq. 5 
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 Predictions of daily HP and RE were obtained from the NRC (2001) model. Briefly, HP 

was estimated as the sum of NE used for maintenance (0.08 ´ BW0.75) and the difference 

between MEI and NEI, where  

 NEI = DMI(0.703 ´ MEI/DMI – 0.19). Eq. 6 

Predicted RE and body E flows were then estimated according to Eqs. 4 and 5 with predicted HP 

and RE values, respectively. 

2.3.6 Statistical Analyses 

Variation in observations due to fixed effects of cow and day was analyzed by two-way 

ANOVA using the PROC GLM procedure of SAS (SAS, SAS institute Inc, Cary, NC).  The 

PROC UNIVARIATE procedure of SAS was used to calculate means, standard deviations and 

coefficients of variation. The PROC CORR procedure of SAS was used to estimate correlations 

between daily measurements. 

2.4 Results 

2.4.1 GreenFeed Measurements and Visitation 

Gas recordings over 3 minutes were used as they were statistically different than using all 

gas measurements (P = 0.05) and 3 min is recommended by Arthur et al (2017) as a minimum 

measurement time. Cows visited the GEM system 4.06 ± 1.82 (Mean ± SD) times per day, with 

an average duration of 6.23 ± 1.05 min, for a total of 21.1 ± 9.9 min/d of recorded gas exchange. 

The system dispensed 42.7 ± 16.0 cupfuls of pellet daily to each cow, out of a total 120 drops 

possible. The amount of pellet dispensed from the GEM system averaged 1.84 ± 0.69 kg/d per 

cow. GreenFeed visitation was not possible if another animal was using the system. From visual 
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observations, it appeared that visitation was affected by cow hierarchy, system location in the 

pen and preference for robot pellet.  

2.4.2 Daily Measurements 

A summary of daily measurements is presented in Table 2. Variation within cow was less 

than that between cows (Tables 2 and 3).  Out of the physical measurements, milk yield (MY), 

dry matter intake (DMI) and body condition score (BCS) were the most variable between cows, 

while protein percent of milk was the least variable between cows. For gas estimates, methane 

production was the most variable between cows, while oxygen and carbon dioxide were less 

variable. Out of the energy flows, observed heat production (HP) was the least variable. 

Correlations of daily measurements is presented in Table 5. These correlations were used to 

examine further relationships.  

Observed HP and predicted HP were significantly different (P < 0.0001). The daily 

predicted HP equation underestimated observed HP by 4.8%, while the weekly underestimated 

by 4.6%. Moreover, daily and weekly predicted HP and corresponding observed HP were not 

well correlated (Figure 2a and b), with R2 values of 0.22 and 0.44, respectively. Using regression 

of daily recovered energy (RE) vs. daily metabolizable energy intake (MEI) (Figure 1a), energy 

at maintenance (MEm) was 0.205 mcal/d/kg0.75. Regression of weekly RE vs weekly MEI (Figure 

1b), MEm was 0.188 mcal/d/kg0.75.  Daily and weekly observed HP were not well correlated with 

corresponding MEI (Figure 1c and d), with R2 values of 0.21 and 0.44, respectively. 

Additionally, daily and weekly observed EB were not well correlated with corresponding MEI 

(Figure 1e and f), with R2 values of 0.12 and 0.0001, respectively. Both daily and weekly 

predicted EB were correlated with their corresponding EB (Figure 3a and b), with R2 values of 
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0.69 and 0.69, respectively. Lastly, BW change was not correlated with neither MEI nor ME 

balance (Figure 4a and b), with both R2 values being 0.   
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Table 2. Means and variances of daily DMI, milk yield and composition, body weight, BCS, and 

respiratory gas exchange for 29 Holstein cows over 29 d. 

    RMS1, % of mean 

Measurement Mean SD CV, % Cow Day 

DMI, kg/d 25.4 4.2 18.0 69.2 31.4 

Milk Yield, kg/d 35.7 10.0 27.9 145.2 16.0 

Fat, % 4.43 0.56 12.6 61.2 5.9 

Protein, % 3.56 0.32 9.1 48.0 3.4 

Lactose, % 4.77 0.21 4.3 22.6 1.7 

Body Weight, kg 725 76 10.4 55.1 3.2 

Absolute BW Change, kg/d 4.16 5.04 121.1 12.3 7.1 

BCS 3.04 0.44 14.4 76.3 6.6 

CO2 production, g/d 14567 1700 11.7 40.7 19.2 

O2 consumption, g/d 10027 1082 10.8 39.2 20.7 

CH4 production, g/d  419 99 23.7 86.3 33.3 

RQ2 1.06 0.06 5.7 12.3 18.9 
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1RMS = square root of mean square 

2RQ = mol CO2 produced/mol O2 consumed   
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Table 3. Means and variances of daily ME flows (Mcal/d) for 29 Holstein cows over 29 d. 

    RMS1, % of mean  

Measurement Mean SD CV, % Cow Day 

Observed      

ME intake 62 8.9 14.3 59.7 26.4 

HP 35.8 3.8 10.7 39.2 18.7 

Recovered E 26.3 7.9 30 108.8 57.7 

Milk E 28.1 7.1 25.3 129.2 18.6 

Tissue E (Ebal) -1.8 7 -381.7 -1128.7 -715.8 

NRC      

MEI 62 8.9 14.3 59.7 26.4 

HP 34.1 3.8 11.1 48.4 19 

Recovered E 27.9 5.2 18.7 97.5 35.6 

Milk E 28.1 7.1 25.3 129.2 18.6 

Tissue E (Ebal) -0.2 5.2 -2418.5 -9685.4 -3696.2 

1RMS = square root of mean square 
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Table 4. Means and variances of weekly ME flows (Mcal/d) for 29 Holstein cows over 29 d. 

    RMS1, % of mean  

Measurement Mean SD CV, % Cow Day 

Observed      

ME intake 62.24 7.56 12.15 23.04 21.48 

HP 35.81 2.99 8.36 15.25 7.22 

Recovered E 26.43 5.99 22.70 41.54 42.29 

Milk E 28.20 6.94 24.60 48.75 17.39 

Tissue E (Ebal) -1.78 4.60 -259.25 -443.54 -388.45 

NRC      

MEI 62.24 7.56 12.15 23.04 21.48 

HP 34.23 3.33 9.73 18.68 15.59 

Recovered E 28.01 4.38 15.64 29.48 28.67 

Milk E 28.20 6.94 24.60 48.75 17.39 

Tissue E (Ebal) -0.19 4.17 -2177.30 -4125.57 -2257.36 

1RMS = square root of mean square
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Table 5. Correlations between daily measurements. 

Measurement CO2 O2 CH4 MY DMI NRC HP GF HP RQ BW 

CO2 .         

O2 0.870 .        

CH4 0.803 0.640 .       

Milk yield 0.267 0.259 0.236 .      

DMI 0.472 0.431 0.455 0.624 .     

NRC HP 0.480 0.451 0.441 0.532 0.961 .    

GF HP 0.928 0.991 0.699 0.268 0.453 0.470 .   

RQ 0.387 -0.113 0.421 0.049 0.142 0.122 0.017 .  

BW 0.194 0.217 0.115 -0.110 0.211 0.469 0.217 -0.015 . 
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Figure 1.  Recovered energy, observed heat production and energy balance relative to MEI. (a) 
Regression of daily recovered energy on ME intake in mcal/d per kg MBW (Mcal/d/kg0.75; y = 
0.7822x – 0.1601; R2 = 0.7666). Recovered energy = 0 at 0.205 mcal/d/kg0.75 (b) Regression of 

y = 0.7822x - 0.1601
R² = 0.7666
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daily recovered energy on ME intake in mcal/d per kg MBW (Mcal/d/kg0.75; y = 0.7364x – 
0.1383; R2 = 0.8614). Recovered energy = 0 at 0.188 mcal/d/kg0.75 (c) Daily observed HP against 
daily MEI in mcal/d. (y = 0.1974x + 23.516; R2 = 0.2077). (d) Weekly observed HP against 
weekly MEI (y = 0.2636x + 19.4042; R2 = 0.4435). (e) Daily EB against daily MEI (y = 0.2771x 
– 19.0252; R2 = 0.1219) (f) Weekly EB against weekly MEI (y = 0.0227x – 3.1910; R2 = 
0.0014). 
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Figure 2. Daily and weekly observed HP against daily and weekly predicted HP. (a) daily 
observed HP against daily predicted HP (y = 0.4629x + 17.579; R2 = 0.2211). (b) Weekly 
observed HP against weekly predicted HP (y = 0.6001x + 15.721; R2 = 0.4455) 
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Figure 3. Daily and weekly observed EB against daily and weekly predicted EB. (a) daily 
observed EB against daily predicted EB (y = 1.1192x – 1.5987 + 17.579; R2 = 0.6973). (b) 
Weekly observed EB against weekly predicted EB (y = 0.9153x – 1.6002; R2 = 0.6877) 
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Figure 4. Daily BW change against MEI and EB. (a) daily BW change against daily MEI (y = 
0.0026x – 0.0987; R2 = 0). (b) Daily BW change against daily EB ( y = -0.0474x + 0.0537; Rr = 
0). 
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2.5 Discussion 

In order to estimate energy balance of free-moving dairy cows, automated systems were 

used to record individual daily DMI, milk yield, BW, BCS, and respiratory CO2, O2 and CH4 

exchanges of 29 cows housed in a free-stall pen and milked in a parlour. Cows were intentionally 

chosen to represent a range of parities (1 to 4) and DIM (22 to 472). According to CVs, milk 

yield varied the most, followed closely by CH4 production and DMI. Recordings of BW, CO2 

production and O2 consumption varied the least. However, BW change per day, representing a 

flow of nutrients, varied more than the other flows of DMI, milk yield and gas exchange. This 

BW change needs to be considered carefully as it may not reflect actual change in body reserves. 

BW measurement includes gut-fill, urine and milk weight which can vary from one scale visit to 

the next.  

Alawneh et al. (2011) measured BW using a walk over scale over for the first 100 DIM 

and smoothed results using a non-parametric cubic spline regression method for each cow. Walk 

over scale results were found to be highly correlated with LW measurements, demonstrating a 

Lin’s concordance correlation coefficient (CCC) of 0.99 (Alawneh et al., 2011). Alawneh et al. 

(2011) suggested a minimum of 7 consecutive days of weight measurements for increased 

reliability. Similarly, Dickinson et al. (2013) compared static and automated BW measurements 

for 46 lactating cows and found Lin’s CCC ranged from 0.91 to 0.98 after using Grubb’s test to 

eliminate a single automated outlier. They also suggested that extreme values should be excluded 

and means of a minimum of 7 consecutive daily weights should be used to calculate reliable BW 

measurements  (Dickinson et al., 2013). Both studies present results with caution, stating that it 

could vary between herds and BW change could be due to urine and feces excretion during 
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experiments (Alawneh et al., 2011; Dickinson et al., 2013).  Pszczola et al. (2018) attributed the 

diurnal variation in BW measured in a voluntary milking system to gut-fill and accounted for it 

with a trigonometric Fourier series across time. Thorup et al. (2012) used quantile regression to 

smooth BW values obtained over the first 150 DIM in a voluntary milking system in an attempt 

to remove meal-related gut-fill. We followed a similar smoothing protocol to obtain estimates of 

BW and BW change. 

BCS did not change sufficiently during our 29-d study to be considered in energy flow 

estimates. Within cow, BCS ranged an average of only 0.2 units. Traditionally, manual scoring 

based on visual inspection and palpation has been used to determine BCS, which can be 

subjective and time consuming (Ferguson et al., 1994; Spoliansky et al., 2016; Song et al., 2019). 

Spoliansky et al. (2016) evaluated the use of a low cost 3-D Kinect to determine BCS of 101 

dairy cows upon exiting the parlour and found a Pearson CC of 0.76 between manual and 

automated BCS scoring. Song et al. (2019) also used a 3-D camera for 44 holstein-friesian cows 

over 2 days, and found Pearson CCs ranging 0.72 to- 0.90 for 8 different features used in the 

determination of BCS (hook bone, pin bone, overhanging shelf, etc). Thorup et al. (2013) 

assessed BCS every 2 weeks by one of two observers and smoothed BCS using the log-woods 

model due to measurement errors between observers. Due to limited variation present in our 

study, smoothing was unnecessary. 

The main expected sources of variation are differences between cows, differences 

between days as individual cows progress through lactation and fluctuating environmental 

conditions, and imprecision of the measuring device. Device precision was not evaluated in this 

study, so it is embedded in the CVs due to fixed effects of cow and day that were estimated as 
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root mean squares divided by the mean. Milk yield, CH4 production and BCS were the traits that 

varied the most between the 29 cows selected for the trial. These traits are major determinants of 

daily energy requirements and responses to nutrient supplementation (Maltz et al., 2013; Hills et 

al., 2015). Day-to-day variation was highest for DMI and all 3 respiratory gas exchanges. In this 

study, it is reasonable to assume that the variation in DMI is due to differences between cows 

rather than equipment variation. Insentec feeders have been validated in previous studies as 

reliable and are proven to provide accurate estimates of number of visits, time spent in the feeder 

and intake per visit (Chapinal et al., 2007). Chapinal et al. (2007) compared intake and 

behaviours measured by Insentec feeders and trained observers for 2 days at a time and found a 

high correlation between both methods (R2 = 0.99).  

Furthermore, day to day variation of respiratory gas exchange between cows is assumed 

to be accurately represented in this study. The means of gas production and consumption 

estimates in this study were 14567, 10027 and 419 g/d, for CO2, O2 and CH4 respectively. These 

values are similar to those reported by Pereira et al (2015), which were 13488.7, 12813, and 472 

g/d, for CO2, O2 and CH4 respectively. The GEM has been used successfully to estimate methane 

emissions and respiratory gas exchange (Hammond et al., 2015; Huhtanen et al., 2015; Pereira et 

al., 2015).On the otherhand, the GEM has low correlation with respiratory chambers (0.11) and 

mild correlation with the SF6 tracer technique (0.6) (Hammond et al., 2015). However, methane 

measurements were similar between the GEM and respiratory chamber, thus Hammond et al. 

(2015) concluded that this low correlation could be due to limited visitation with the GEM. The 

GEM is easier to use in comparison to a respiration chamber, where measurements are typically 

done for a period of 24 hr and limited to one or two animals at a time (Hammond et al., 2015). 
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Respiratory chambers can also disrupt behaviours typically exhibited in a freestall pen, such as 

movement and DMI, which can affect respiratory gas exchange (Hammond et al., 2015).  

Additionally, the GEM yields gas exchange estimates that are less variable in comparison to 

other spot sampling methods (Huhtanen et al., 2015). The SF6 tracer technique has previously 

reported higher methane measurements in comparison to GEM estimates (Hammond et al., 

2015). It is possible that non-flux sampling methods do not account for background 

concentrations of gases, leading to increased variation between animals (Huhtanen et al., 2015). 

Previous studies suggest averaging GEM estimates over at least 7 to- 14 d, with a 

minimum of 20 recordings per animal to increase repeatability (Manafiazar et al., 2017). 

Manafiazar et al. (2017) found that CH4 repeatability increased from 0.33, for 1 d, to 0.86 for 14 

d and reached up to 0.86 for CO2 at 14 d. Therefore, with our period of 29 d and an average of 

112 recordings per cow throughout the study, our data should be sufficient. A challenge when 

using the GEM is acclimating cows to the system and even then, it is not guaranteed they will 

visit regularly, or at all. Thus, a pellet is usually used to entice animals which could lead to 

conflicts. Using additional pellet in the diet can lead to undesirable energy intake even if 

seemingly controlled (Hristov and Reynolds, 2016). Additionally, when considering DMI, 

although a programmable amount of pellet is dropped per visit, it may not necessarily be fully 

consumed (Hristov and Reynolds, 2016). Even with pellet supplementation, Renand and 

Maupetit (2016) found that 5% of the heifers in their study did not visit the GEM at all and had 

to be removed. In our study, 100% of our cows visited the GEM during the 29d study, but, 

13.8% had under 80 visits, therefore if considering weekly visit averages they may not meet the 

20 visit threshold suggested by Manafiazar et al (2017). 
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 Lastly, we must note that in our study the placement of the GEM was not ideal. In future 

studies, the system should be placed in an entirely separate area, inaccessible to other cows when 

it is being used. However, the system will notify the user in the case that two cows RFID tags are 

read by the unit, therefore these values can be omitted.  

Heat production 

The average RQ of metabolism in the 29 cows studied was reported from the GEM 

system to be 1.06 mol CO2/mol O2, and it ranged from 0.85 to 1.29. Glucose and acetate 

oxidation in the TCA cycle proceed with an RQ of 1.0, while fat oxidation has an RQ of 0.70 and 

AA oxidation has an RQ of 0.81. An RQ greater than 1 is obtained when glucose is ruminally 

fermented to VFA and CH4 (Wolin, 1960), and when glucose is oxidized in the pentose cycle for 

generation of NADPH. Average RQ values reported for lactating dairy cows in recent 

publications range from 1.01 to 1.17 (Ferris et al., 1999; Drehmel et al. 2018; Judy et al., 2019; 

Nichols et al., 2019).  

HP in Mcal/d was estimated from the daily volume of CO2 production with a correction 

for the RQ. Previous studies have found that higher individual MEI in a group of cattle is 

associated with higher individual CO2 production estimated with a GEM system (Arthur et al., 

2018; Manafiazar et al., 2017). The linear relationship between daily HP and MEI had a low r2 of 

0.21 in our study (Figure 1c). However, Manafiazar et al. (2017) found that averaging on a 

biweekly basis instead of daily increased the r2 of the relationship between CO2 production and 

MEI of free-moving beef cattle from 0.39 to 0.78. Similarly, averaging HP and MEI on a weekly 

basis in our study improved the fit of the regression line from an r2 of 0.21 to 0.44 (Figure 1d). 



 

 

42 

 

Arthur et al. (2018) used a 15-d test period to estimate CO2 production and MEI of beef cattle for 

which the r2 of the relationship was 0.78. There is likely a delay of hours to days between the 

time that intake of feed changes and the time that production of CO2 from components of the 

feed changes. Thus, averaging over a longer time window minimizes the delay effect. Weekly 

averaging also removes technical noise centred around mean values. 

Estimation of MEI from DMI may introduce error. We used NRC (2001) equations. 

Actual ME was not measured, and this could be a slight limitation in our calculations. ME is 

estimated from DE, which is estimated from TDN. When TDN is used, values are most often 

used from a table and are not representative of actual nutrient analysis, which will neglect 

variation in nutrient digestibility and composition, leading to error (Weiss and Tebbe, 2019). 

Variation in GE, which is the basis for estimating energy values, can be quite high, being 

reported from 1.1% (corn grain) to 10.9% (alfalfa silage) (Weiss and Tebbe, 2019).Weiss and 

Tebbe (2019) suggest estimating DE enthalpies of nutrients and equations to convert ME to DE, 

rather than using constants.  

According to regressions of observed HP on predicted (Figure 2a and b), the NRC (2001) 

model accounted for 22% of the daily variation in HP observed and 44% of the weekly variation. 

Errors in estimating MEI, maintenance expenditure and energy content of milk contribute to the 

lack of fit. By regressing weekly RE against MEI (Figure 1b), we estimated maintenance losses 

for our group of cattle to be 0.188 Mcal/d/kg0.75, which is 50% higher than 0.125 Mcal/d/kg0.75 

used by NRC (2001) but identical to the maintenance expenditure of 0.188 Mcal/d/kg0.75 

estimated from headbox CO2 collection by Drehmel et al. (2018) for a group of 8 lactating dairy 

cows. The majority of studies evaluating HP in small groups of cows have found maintenance 
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energy expenditures to be higher than NRC (2001) estimates, such as 0.160 Mcal/d/kg0.75 (Yan et 

al., 1997), 0.208 Mcal/d/kg0.75 (Foth et al. 2015), and 0.189 Mcal/d/kg0.75 (Judy et al., 2019). 

Additionally, our regression of RE on MEI revealed an efficiency of ME use for lactation (k1) of 

0.74, which is comparable to values of 0.76 to 0.85 found by others (Foth et al., 2015; Drehmel 

et al., 2018; Judy et al., 2019) but higher than 0.64 assumed by NRC (2001). These discrepancies 

between predicted and observed maintenance expenditures and efficiency of ME use for lactation 

highlight the value of measuring individual respiratory gas exchanges to assess energy 

partitioning. 

Energy balance 

Energy balance of cows was determined by subtracting milk energy from the RE estimate 

(Eq. 5). We estimated energy going into milk by using our milk component analysis for lactose, 

protein and fat, and using their relative heat of combustion as provided in the equation by NRC 

(2001). Previous studies state that fat, protein and lactose demonstrated high partial CCs with 

milk energy, with values of 0.98, 0.84 and 0.83, respectively (Tyrrell and Reid, 1965). With 

limited prediction errors observed by Tyrell and Reid (1965) it is reasonable to believe that the 

milk energy calculation is accurate. 

Unlike HP and RE, we found that ME balance was not at all correlated with MEI, even 

with weekly averaging of the observations (r2 = 0.00; Figure 1f). The ME balance after 

accounting for HP and milk E represents energy deposited in the body, and would be expected to 

correlate with BW change. However, BW change was neither correlated with MEI (r2 = 0; Figure 

4a) nor ME balance (r2 = 0 ; Figure 4b). Thus, we can conclude that body weight change is not a 
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useful indicator for energy balance. On the contrary, Thorup et al. (2013) found success deriving 

EB measuring only BW in a VMS. However, the success was likely due to cows being stationary 

during weighing times, excluding cows being partly on the scale and accounting for milk, 

conceptus and meal-related gut fill (Thorup et al., 2013). Increased error in BW measurements 

from our study are due to difficulty in smoothing for erratic behaviours on the scale, radio 

identification being missed and speed crossing the scale. Although Thorup et al. (2013) was 

successful, actual tissue mobilization was not tested and BW may not be enough on its own to 

determine EB. This is in agreement with previous studies which state that there can be 

mobilization of energy stores, but body weight will stay the same (Kebreab et al., 2003; Ellis et 

al., 2006). Therefore, changes in tissue balance and body condition score could be a better 

indicator. 

According to our regression of observed on predicted energy balance values (Figure 3b), 

the NRC (2001) model accounted for 69% of the variation in weekly ME balance and 69% of the 

daily. NRC (2001) ME balance model seems to account for some variation, but, using actual 

respiratory gas measurements to determine HP and subsequent ME balance allows us to account 

for more variation. Additionally, NRC ME balance seems to over-estimate energy balance. More 

studies should be done comparing ME balance using NRC (2001) equations and real-time HP 

measurements.  
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Conclusions 

 In the present study, we were able to evaluate the variation in EB-related measurements, 

estimate real-time EB and HP using automated technology systems at the Elora Dairy Research 

Centre. We found that Milk yield, CH4, DMI and BCS varied the most between cows. 

Respiratory gas exchange using the GEM can account for individual variation between animals 

and provide real-time HP measurements, which can be used to calculate ME balance. We 

concluded that BW change is not a good indicator for ME balance. However, future studies 

should examine different smoothing methods for automated walk over scales. Further insight 

into higher maintenance and k1 values was seen in this study, with maintenance values being 

50% higher than that of NRC (2001). Overall, weekly values and comparisons were better as 

opposed to daily estimates. Therefore, future research should be focused on examining data on a 

weekly basis and using this to asses real-time energy balance in dairy cows. 
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Chapter 3: General Discussion 
 

Producers are continuously striving towards improving the overall health and production 

of dairy cows on farm. One way to improve health is to minimize the incidences of NEB that 

occur during early lactation. With dairy cows being fed a TMR based on a representative cow, 

they may become over- or underfed which can aggravate this NEB and subsequent incidences of 

disease (Maltz et al., 2013). There are individual variations in cows that need to be accounted 

for.  Precision dairy farming is described as using different forms of technology to monitor the 

individual cow (Barkema et al., 2015).  Studies have reported the use of AMP, BW scales and 

some BCS monitoring to assess cows. However, the integration of multiple systems has been 

reported in few studies.  

In this study we found that we can use different forms of technology to identify variation 

between cows. Furthermore, we can use the data collected to estimate HP, energy flows and 

overall energy balance. Being able to calculate these flows can help to assist in the goal of 

improving health and production of cows on farm. Furthermore, the use of GEM for respiratory 

gas exchange, along with other automated systems can be highly beneficial. In the present study 

we identified that with automated technology, including respiratory gas exchange we have the 

ability to calculate real-time EB and individual variation between cows. However, there is still a 

need to work on methods of smoothing data and ensuring errors in calculations are minimal or at 

the very least, accounted for. Several methods have been described for smoothing BW 

recordings, however, depending on method of weighing used and erratic behaviours on different 

types of scales, a more universal method should be developed. Additionally, to calculate ME, 

actual analysis of feeds should be used rather than constant values and an equation should be 
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established between researchers. Being able to account for errors and variations in technology 

would make these systems invaluable and energy flows could be calculated with less potential 

for error.  

There is a need to work with large sets of data and make them easily accessible and 

customizable to farmers. Currently, all forms of technology are recorded on their separate 

devices and systems. Having all the information available on a single platform would be highly 

beneficial. Hopefully, in the future based on this integrated data we can adjust management 

methods on farm. Overall, the use of several forms of integrated automated technology on farm 

demonstrates the potential of individualizing care and possibly reducing costs through reduced 

feed, or reduced NEB and incidences of disease.  
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