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Classification of dairy cow excretory events using a 
tail-mounted accelerometer 
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A B S T R A C T   

Grazing livestock contributes to pasture nitrogen (N) through urine and faeces and N losses in pasture-based 
livestock systems are recognized as an important consideration for sustainable land management. Knowing 
the frequency and quantity of excreta produced in pasture-based dairy production systems could be useful for 
informing best management practice. The aim of this experiment was to determine whether data from tail- 
mounted accelerometers could be used to classify dairy cow excretory events. Ten non-lactating Holstein 
dairy cows were fitted with a tail-mounted accelerometer set to record data at 1 Hz and were individually 
observed for 3.3–5.3 h each. The recorded behaviours were urination, defecation, standing and lying (both left 
and right laterality). G-force acceleration values for X, Y and Z axes were downloaded and windows of varying 
sizes (3-, 6-, 9-, 12- and 15 s) were used to extract a set of basic features (mean, minimum, maximum and SD) 
from consecutive sequences of each behaviour. Windows were stepped forward by 1 s for feature extraction and 
five datasets were developed. Data for all cows were compiled and a random forest algorithm was used for model 
development. Ten times 10-fold stratified cross-validation (SCV) was used to evaluate data from all window sizes. 
Sensitivity and precision always exceeded 84% for standing and lying postures in both unbalanced and balanced 
datasets. Classification performance for excretory events improved significantly (P < 0.01) as window size 
increased. Due to performance, the 15 s window was selected for further tests with a full feature set. Random 
forest models were developed using a leave-one-cow-out cross-validation strategy (model developed using n-1 
cows and evaluated on the held-out cow). Classification performance for standing and lying remained high 
(sensitivity & precision ≥ 91 %) but performance for excretory events was poor and highly variable. SCV results 
for excretory events were clearly optimistic and more data are needed for further testing. However, it may also be 
necessary to develop and test individual animal models for comparison because there may be considerable 
variation between animals for excretory events.   

1. Introduction 

Urine and dung patches from grazing livestock are important con-
tributors to the cycling of pasture nitrogen (N) (Chadwick et al., 2018). 
In particular, the N loading rate under sheep urine patches has been 
reported equivalent to 300–500 kg N ha− 1 (Di and Cameron, 2002) and 
1000 kg N ha− 1 for cattle (Haynes and Williams, 1993). Pasture is un-
able to utilise N at high rates and therefore there is a risk of N leaching 
from the soil (Ledgard, 2001). Farmers are increasingly being required 
to reduce nitrogenous losses in grazing systems and knowing the fre-
quency, quantity and distribution of excreta produced in pasture-based 
dairy production systems could be useful for informing best 

management practice Velthof et al., (2015). Furthermore, this infor-
mation could help in the management of ecosystem services and provide 
other end users with information about the performance of individual 
farms. Several studies have shown that identifying urination events in 
grazing ruminants with on-animal sensors is possible. For example, 
Betteridge et al. (2010) used intravaginal devices fitted with a therm-
istor fixed to hang below the vulva of sheep and cattle to detect changes 
in temperature that may be caused by the flow of urine. Validation of the 
sensor showed that 85% and 78% of sensor-detected urination events 
were seen by the observer for sheep and cattle respectively. Coupled 
with GPS they were able to identify urine patch distribution and areas 
where disproportionate events were detected. Other cow-mounted 
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devices have also been developed and used to quantify urine volume and 
N concentrations in an experimental setting (Misselbrook et al., 2016). 
The sensor was fitted to the rear of cows to detect urine pressure head for 
volume and a small sample captured in each event to quantify N con-
centration from the refractive index reading. Calibration of the sensor 
yielded very good results (R2 > 0.97 for volume and N concentration) for 
both beef and dairy cattle. 

Important livestock behaviours (e.g., feeding) and postures (e.g., 
standing and lying) can be automatically identified using accelerometers 
(Diosdado et al., 2015; Williams et al., 2021) and these technologies are 
being further developed for the support of farm management. Recent 
studies have used accelerometers for the purpose of identifying postures 
associated with urination events with both sheep (Lush et al., 2018) and 
cattle (Shorten and Welten, 2022). To automatically identify the uri-
nation events of sheep, Lush et al. (2018) applied a random forest ma-
chine learning algorithm to data collected from accelerometers fitted to 
the back of the animal. Using several standard features of acceleration 
including static and dynamic acceleration and vectorial dynamic body 
acceleration, the authors were able to successfully classify urination 
events with a sensitivity and precision of 72.2% and 81.3% respectively 
using a 5 s sliding window. For all other behaviours (foraging, walking, 
running, standing, lying), all models achieved values for sensitivity and 
precision exceeding 71% and 86% respectively across all windows tested 
(3-, 5- and 10 s). In this work the authors aimed to identify the char-
acteristic squatting posture adopted by sheep during a urination event. 
To capture this, the accelerometers were fitted to the rear portion of the 
back and set to sample at 40 Hz. The authors did not attempt to identify 
defecation events, but sheep have been reported to contribute significant 
quantities of N to pasture through their dung, equivalent to 130 kg N 
ha− 1 (Haynes and Williams, 1993) although losses of N are reported to 
be less. Furthermore, the posture adopted by sheep during a defecation 
event may differ to urination events (e.g., tail rising only) which may 
require an additional sensor. 

For dairy cattle, researchers have demonstrated the possibility of 
automatically classifying urination events using a leg-mounted acoustic 
sensor (Shorten and Welten, 2021). Using a breadth of spectral features 
and machine learning algorithms, the authors were able to identify 
urination events with an F1 score of 0.88 and a RMSE of 1.64 s for 
predicting the duration of urination events. More recently, Shorten and 
Welten (2022) used two accelerometers fitted along the back of dairy 
cattle (one at the hipline and a second accelerometer fitted 400 mm 
along the spine towards the head) to identify postures associated with 
both urination and defecation events. Accelerometers were set to sample 
at 1 Hz. Several features of accelerometer tilt angle were extracted from 
the data and several models were tested. Classifiers achieved F1 scores of 
0.80 and 0.73 for urination and defecation events respectively. One 
aspect that the authors noted was that back arching often started before 
and ended after urination events which made estimating event duration 
difficult. 

Other opportunities also exist to capture postures associated with 
dairy cow excretory events using accelerometers. A recent study used 
tail-mounted accelerometers to classify the defecation events of three 
steers using both cross-validation and leave-one-animal-out cross-vali-
dation (Watanabe et al., 2019). Performance measured as critical suc-
cess index (CSI) was excellent when a support vector machine algorithm 
was used in cross-validation (mean CSI = 0.98) but poorer when models 
were tested on animals not used for training (mean CSI = 0.14). Clas-
sification models need to generalize well and are often built with a 
representative sample of animals but model performance on data 
collected from unseen animals (not used for training) is also an impor-
tant model evaluation step. 

The aim of this experiment was to determine whether data from tail- 
mounted accelerometers could be used to classify dairy cow urination 
and defecation events using a machine learning algorithm. For this, two 
model evaluation procedures were tested, namely stratified cross- 
validation and leave-one-cow-out cross-validation. 

2. Materials and methods 

2.1. Study site and animal selection 

The study was approved by Aberystwyth University Animal Welfare 
and Ethical Review Board in March 2019. All experimental work was 
undertaken at Aberystwyth University dairy farm (Trawsgoed, Cer-
edigion, Wales, UK). The farm runs a semi-intensive all-year-round 
calving system and includes approximately 400 Holstein dairy cows. 
Cows are milked twice daily and at any point in time there are 
approximately 50–60 cows that are dry (non-lactating) and managed 
across several sites on the farm. For the current experiment, data were 
collected from a group of far-off dry cows (60–21 d before calving) 
because this provided easy access to a standard cow crush for sensor 
attachment, and it also meant that focal animals could be released back 
into the loose housing for easy and continuous observation. The cows 
were managed indoors in a well-ventilated yard measuring 38 m × 9 m. 
The housing was split into a straw-bedded lying area (38 m × 6 m) and 
concrete feed alley (38 m × 3 m) where cows had ad-libitum access to a 
diet of grass silage and barley straw provided along the feed fence. Water 
was provided via two tipping troughs (2.2 m × 0.5 m) located at each 
end of the yard. 

Data were collected between March and June 2019. The mean (±SD) 
number of dry cows present in the yard during the data collection period 
was 15 (±2) which provided approximately 15.2 m2 of resting space per 
cow. On each day of data collection, one cow was selected from the 
group by the researcher (S. Lai). The criteria for selection of cows were 
that they had a mobility score of 0 [4-point score where 0 = good 
mobility (not lame), 1 = imperfect mobility, 2 = impaired mobility 
(lame), and 3 = severely impaired mobility (severely lame); (AHDB, 
2021a)] and that each cow was healthy in every respect at that point 
(cross-checked with farm records). Data were collected from a total of 
ten cows during the study. All cows at the farm were managed to meet a 
BCS of between 2.5 and 3 at calving [1 = emaciated – 5 = obese] (AHDB, 
2021b). 

2.2. Accelerometers and behaviour observations 

To record the tail movements and postures of cows, HOBO Pendant G 
accelerometers (Onset Computer Corporation, Bourne, MA) were fitted 
according to a modified version of a standard operating procedure (UBC 
Animal Welfare Program, 2013). On each day of data collection (starting 
at approximately 0900 h), the selected cow was placed in a cattle crush 
and an accelerometer attached to the upper part of the tail approxi-
mately 15 cm below the base of the vulva with veterinary adhesive 
bandage (Fig. 1, circled in photograph). Also included in Fig. 1 are the 
recorded postures. 

The location of the accelerometer along the tail was selected to 
reduce irritation of the vulval region. Furthermore, we speculated that 
this position would allow for the improved capture of finer scale 
movements of the tail whereas the area nearer to the tail-head may 
restrict movement capture (increased muscularity). This position was 
adopted for all cows using a measure from the base of the vulva. The 
accelerometer was fitted vertically such that the X-axis was pointing 
upward along the tail (round end of the accelerometer at the bottom and 
flashing red light facing the researcher) and the Z-axis pointing towards 
the head of the cow. Accelerometers were securely fitted but loose 
enough to ensure that the index finger of the researcher could be placed 
behind the sensor easily. Accelerometers were configured to sample at 1 
s intervals (1 Hz) as this provided up to 6 h of continuous data and 
provided a resolution which was sensitive enough to record tail move-
ments associated with urination and defecation. Once the accelerometer 
was fitted, the cow was returned to the group pen where it remained for 
the duration of the observation period. The manually recorded posture 
classes were standing, lying with left laterality (LL), lying with right 
laterality (LR), defecation (DEF) and urination (URIN). Descriptions of 
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each behaviour are provided in Table 1 and images in Fig. 1. 
No posture data were recorded for the first 30 min after the cow was 

returned to the pen to allow time for the cow to become accustomed to 
wearing the accelerometer. The duration of each recording period was 
between 3.3 and 5.3 h which provided approximately 12,000–19,000 s 
of accelerometer data. Each posture was recorded on a per second basis 
to coincide with the sampling interval of the accelerometer. With this, it 
was possible to record other fine-scale movements of the tail. For 
example, standing (Table 1), also included other, minor tail movements 
such as left and right movements and circular movements which 
occurred often but for short durations. Similarly, when cows adopted a 
lying posture, fine-scale movements of the tail were also recorded such 
as small sideways motions or flicking. It was considered important to 
include these behaviours to ensure that the data represented postures 
and movements of the tail as best as possible. 

Manual observations and posture recordings were made either from 
the feed passage in front of the loose housing or from the rear of the 
bedded area if the focal animal approached the feed fence and risked 
obscuring its tail from view (the observer adapted their position in the 
barn to ensure full view of the animal). This method meant that the 
observer could safely record postures and it also maximized the chances 
of achieving a clear view of the animal. If observations were periodically 
obscured, the time was noted, and these data were labelled as ‘unknown’ 
and not used for analysis. For recording events the observer used a Casio 
F91-W timeclock (Casio Electronics Co. Ltd., Shibuya, Tokyo, Japan) 
synchronized to the accelerometer. 

Given that the primary interest of this work was for the classification 
of excretory events, Fig. 2 shows accelerometer traces for defecation and 
urination events from four of the sampled cows. Each excretory event 
appears between the vertical red dotted lines with cows adopting a 
standing posture both before and after each event. ’Index’ in Fig. 2 is the 
duration of each sample in seconds. Noticeable for each event is the 
increase in the z-axis which was to be expected given the fitting method 
(tail rises; Fig. 1). Plots 1 and 2 (cows #156 and #176 respectively) 
show peaks in the x-axis for defecation. However, other than for plot 4 
(cow #3229), there was considerable movement and zero crossing in the 
x-axis for all urination events. This could indicate some variability in the 
postures adopted by cows for excretory events. 

2.3. Data handling and processing 

After each day of data collection, accelerometers were removed, and 
data were downloaded to a spreadsheet program and annotated with the 
recorded postures of the focal cow. Table 2 shows the dataset contri-
bution of each cow for time spent (s) in each posture (number of bouts in 
parentheses) and Table 3 shows the mean (±SD) duration (s) of each 
posture for each cow. Data for each cow were then used for further 
processing. A basic set of features (mean, SD, minimum, maximum) as 
used alongside others in Fogarty et al. (2020) and Hokkanen et al. (2011) 

Fig. 1. Position of accelerometer (circled in photograph) as fitted to cows showing orientation of X-, Y- and Z- axes while cow exhibits postures recorded in the 
current study. 

Table 1 
Postures recorded for the current study for accelerometer data labelling.  

Posture 
class 

Description 

Standing Standing stationary with either head-up or head-down. Tail is either 
in a downward position or moving e.g., side-to-side, circular motion/ 
swishing. 

Lying left Lying posture adopted with left laterality. This behaviour includes 
tail movement which may occur during lying e.g., upward movement 
or flicking. 

Lying right Lying posture adopted with right laterality. This behaviour includes 
tail movement which may occur during lying e.g., upward movement 
or flicking. 

Defecation Begins at the end of a Standing event. Tail rises and defecation begins. 
Event ends when tail has returned to class Standing.* 

Urination Begins at the end of a Standing event. Tail rises and urination begins. 
Event ends when tail has returned to class Standing.*  

* Only one defecation event occurred while an animal was in class Lying and 
this was not recorded as part of the dataset. No urination events occurred in 
behaviour class Lying. 
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were extracted from continuous sequences of acceleration data (g-force 
values) that represented individual bouts of each posture. For each 
posture sequence, five different window sizes (3-, 6-, 9-, 12- and 15 s) 
were used. Windows were stepped forward by 1 row of data (1 s) each 
time. The reason for adopting this segmentation strategy was due to its 
success in other recent work (Riaboff et al., 2019) and because models 
developed from this method may be more effective in classifying pos-
tures and dealing with transitions when deployed. All three axes (X, Y 
and Z) were included for feature extraction resulting in a total of 12 
variables for each sequence. This resulted in five independent datasets 
consisting of five posture classes from all 10 cows. A range of window 

sizes were selected to test their impact on classification performance and 
to provide context alongside other studies that have examined similar 
window sizes for different classification tasks (Lush et al., 2018; Barwick 
et al., 2020). 

2.4. Model training, testing, and validation 

The random forest (RF) algorithm of the software package WEKA 
(version 3.6) (Hall et al., 2009) was used. The RF algorithm has several 
tuning parameters for optimizing performance but for this work, default 
settings were used with trees set to 100 (Probst et al., 2019; Van der 
Heide et al., 2019). Two model evaluation methods were used, these 
were 1.) stratified k-fold cross-validation (SCV) which is commonly used 
(Williams et al., 2016; Rahman et al., 2018) and 2.) leave-one-cow-out, 
k-fold cross-validation (LOCO) which has been used more recently for 

Fig. 2. Sample acceleration signatures generated from defecation (DEF) and urination (URIN) events from four of the study cows (1 = #156; 2 = #176; 3 = #10, 4 =
#3229). ‘Index’ on the plot x-axis indicates the duration of each sample in seconds. Vertical red dotted lines indicate the period identified as the excretory event by 
the researcher (S.Lai). Periods before and after excretory events indicate cow adopting standing posture (Table 1). (For interpretation of the references to colour in 
this figure legend, the reader is referred to the web version of this article.) 

Table 2 
Data contribution of each cow for time spent (s) in each posture (number of 
bouts in parentheses) for the total posture dataset used for feature extraction and 
model development.  

Data contribution (s) and number of bouts (n) 

Cow 
# 

Standing Lying 
right 

Lying 
left 

Defecation Urination Total 

10 4,949 (8) 3,377 
(1) 

3,123 
(1) 

64 (2) 48 (1) 11,561 

156 10,470 
(6) 

2,669 
(2) 

0 (0) 73 (2) 21 (1) 13,233 

174 11,185 
(15) 

0 (0) 7,662 
(2) 

251 (7) 19 (1) 19,117 

176 8,737 (9) 2,154 
(2) 

6,331 
(1) 

113 (3) 28 (1) 17,363 

182 14,474 
(5) 

0 (0) 2,154 
(1) 

173 (2) 0 (0) 16,801 

252 4,712 (6) 5,783 
(2) 

1,550 
(2) 

54 (2) 8 (1) 12,107 

300 11,962 
(7) 

0 (0) 5,443 
(1) 

227 (4) 79 (1) 17,711 

394 8,670 (8) 0 (0) 7,850 
(2) 

17 (1) 67 (2) 16,604 

1936 10,969 
(15) 

5,974 
(1) 

2,228 
(1) 

130 (6) 65 (2) 19,366 

3229 14,762 
(6) 

0 (0) 4,382 
(1) 

105 (4) 70 (2) 19,319 

Total 100,890 
(85) 

19,957 
(8) 

40,723 
(12) 

1,207 (33) 405 (12) 163,182  

Table 3 
Mean duration of each posture for each cow in the study sample.  

Mean (±SD) behaviour duration (s) 

Cow Standing Lying right Lying left Defecation Urination 

10 618.6 
(953.8) 

3,377 3,123 (0) 32 (2.8) 48 (0) 

156 1,745 
(2,018.9) 

1,334.5 
(277.9) 

0 36.5 (6.4) 21 (0) 

174 745.7 
(619.5) 

0 3,831 
(3,897.6) 

35.9 (24.4) 19 (0) 

176 970.8 
(735.7) 

1,077 
(1,417) 

6,331 (0) 37.7 (3.1) 28 (0) 

182 2,894.8 
(3,997.8) 

0 2,154 (0) 86.5 (64.3) 0 

252 523.6 
(331.9) 

2,891.5 
(1,990.5) 

775 (646.3) 27 (21.2) 8 (0) 

300 1,798.9 
(1,383.1) 

0 5,443 (0) 56.8 (13.1) 79 (0) 

394 1,083.8 
(988.8) 

0 3,925 
(5,038.8) 

17 (0) 33.5 
(0.71) 

1936 731.3 
(1,449.2) 

5,974 (0) 2,228 (0) 21.7 (11.3) 32.5 (4.9) 

3229 2,460.3 
(1,854.8) 

0 4,383 (0) 26.25 
(13.9) 

35 (9.9)  
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evaluating model performance (Rahman et al., 2018; Ferdinandy et al., 
2020). In both cases k was set to 10 with ten randomizations of the data 
to reduce the risk of over optimistic prediction (Smith et al., 2014). For 
the first analysis (SCV), models were developed using both unbalanced 
and balanced posture classes (Table 1). Class imbalance can lead to the 
reinforcement of the majority class in the developed models, thus 
leading to domination by a particular class (Kohavi, 1995). Datasets 
were balanced using random undersampling by reducing the number of 
instances in each class to the number represented by the minority class 
(Table 4). In each case, the minority class was ‘Urination’. In practice, 
class balancing does mean that a significant proportion of the data are 
removed. This probably leads to a significant reduction in the variation 
available in the balanced classes. However, this was undertaken for 
reference and comparison with the performance of models on the un-
balanced datasets. Although different balancing strategies could be 
tested, this was outside the scope of this work. 

Feature vectors with accompanying class labels for all cows were 
combined for each window size and the performance of each classifier 
model evaluated on each dataset. It was decided that the best per-
forming window size only from the SCV analysis would then be used to 
develop models for the second analysis (LOCO). For this, data for n-1 
cows were used as the training set and the resulting classifier model was 
used on the remaining cow (the test set) for evaluating performance. 
This was repeated until all cows had been tested. 

2.5. Feature selection 

Prior to undertaking the LOCO analysis, the redundancy and rele-
vance of the extracted features was investigated for the best performing 
window on both unbalanced and balanced datasets. Features were 
evaluated using correlation-based feature selection (Hall, 1998). This 
method selects subsets of features that are highly correlated with the 
class value and that have low correlation with each other. The search 
through the feature space was undertaken using a “greedy hill-climbing” 
(Greedy Stepwise) method which was set to terminate once the addition 
of the best remaining attribute decreases the evaluation parameter. The 
process was configured to progress forward from an empty feature set. 
We then tested whether feature selection led to improved classification 
performance for all datasets (Section 2.6). 

2.6. Model performance and statistical analysis 

The measures used for all model evaluations were sensitivity (TP/ 
(TP + FN)) and precision (TP/(TP + FP)). To test algorithm performance 
(SCV) across the various windows a Kruskal-Wallis with Dunn’s test for 
multiple comparisons was used for evaluation on unbalanced and 
balanced datasets. To compare the performance of RF with and without 
feature selection a Wilcoxon signed ranks-test was used (Demšar, 2006). 

For all tests, a significant difference in model performance was declared 
if P ≤ 0.05. All statistical analyses were undertaken in R (R Core Team, 
2019). 

3. Results 

3.1. Stratified cross-validation 

Classification performance for SCV across all windows on the un-
balanced datasets are shown in Table 5. The best performance was 
achieved for the postures standing, LL and LR. For these postures, there 
was significant but only marginal improvement in performance as the 
window size increased from 3 to 15 s with the RF algorithm consistently 
achieving > 99% sensitivity and precision. For the 3 s window, rela-
tively poor performance was found for the classification of defecation 
(sensitivity = 49.59%; precision = 77.55%) and urination (sensitivity =
60.68%; precision = 82.41%). For the excretory events, classification 
performance also improved as window size increased with a 15 s win-
dow generally yielding the best performance (defecation: sensitivity =
86.7%; precision = 96.55% & urination: sensitivity = 88.46%; precision 
= 99.2%). 

For the balanced datasets (Table 6), performance improved with 
larger windows. For lying postures, all windows achieved sensitivity and 
precision > 98%. As with the unbalanced datasets, there was improve-
ment in the classification of standing with increasing window size but 
generally only up to the 12 s window where sensitivity and precision 
was > 94%. For excretory events, there was improvement in classifica-
tion performance with increasing window size but only up to a window 
size of 12 s (sensitivity and precision > 89%). Although no statistical 
comparison was undertaken between the results of unbalanced and 
balanced data, sensitivity and precision was > 74% for excretory events 
across all windows in the balanced datasets. 

Given the SCV results it was decided that further testing should use 
the 15 s window to better coincide with the duration of excretory events. 
The overall mean duration of standing, LR and LL was 1,357.3 s (~23 
min), 2,930.8 s (~49 min) and 3,577 s (~60 min) respectively. For 
defecation and urination, the average duration was 37.7 s and 33.8 s 
respectively as recorded from the beginning to the end of each event 
(Table 1). It should be noted that it may be possible to test larger win-
dows in future so that the prediction of event duration can be fully 
evaluated (e.g., for excretory volume estimation). It is also worth noting 
that some events were very short such as the single 8 s urination event by 

Table 4 
Number of segment instances contributing to unbalanced datasets and datasets 
balanced by random undersampling to the minority posture class.  

Window Posture 

Unbalanced 
dataset 

Standing Lying 
right 

Lying 
left 

Defecation Urination 

15 s 99,658 19,845 40,555 757 243 
12 s 99,922 19,869 40,591 825 276 
9 s 100,186 19,893 40,627 921 309 
6 s 100,450 19,917 40,663 1,020 345 
3 s 100,714 19,941 40,699 1,119 381 
Balanced 

dataset      
15 s 243 243 243 243 243 
12 s 276 276 276 276 276 
9 s 309 309 309 309 309 
6 s 345 345 345 345 345 
3 s 381 381 381 381 381  

Table 5 
Classification performance of random forest models on unbalanced datasets 
using stratified cross-validation with data segmented using 3-, 6-, 9-, 12- and 15 
s windows (results are for 10 runs × 10 folds).  

Observed behaviour 
(instances) 

Predicted behaviour (instances)  

Standing LR LL Defecation Urination 

3 s window      
Sensitivity (%) 99.85a 99.94a 99.76a 49.59a 60.68a 

Precision (%) 99.32a 99.94a 99.87a 77.55a 82.41a 

6 s window      
Sensitivity (%) 99.95b 99.99b 99.91b 67.02b 72.50b 

Precision (%) 99.60b 99.99b 99.97b 88.93b 92.40b 

9 s window      
Sensitivity (%) 99.97c 100.00b 99.96c 76.31c 78.73c 

Precision (%) 99.75c 100.00c 99.99c 92.01c 95.43c 

12 s window      
Sensitivity (%) 99.99d 99.99b 99.98d 84.54d 85.42d 

Precision (%) 99.86d 100.00c 99.99c 95.03c 99.14d 

15 s window      
Sensitivity (%) 99.99d 100.00b 99.99d 86.70e 88.46e 

Precision (%) 99.89e 100.00c 99.99c 96.55d 99.20d 

P-value < 0.01 < 0.01 < 0.01 < 0.01 < 0.01 

a-e Different superscripts within columns indicate a significant difference be-
tween window sizes for sensitivity and precision. 
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cow number 252 and some were considerably longer than average such 
as the defecation events of cow number 182 (Table 3). 

3.2. Feature selection 

Based on window performance, data for the 15 s window were used 
for feature selection. Table 7 shows the percentage of folds in which 
acceleration features appeared during SCV (10 runs × 10 folds). For the 
unbalanced dataset, mean X-axis acceleration, mean Y-, mean Z-, min-
imum X-, and minimum Y-axis acceleration were selected in every fold. 
For the balanced dataset, SD Z- (50 % of folds), minimum Z- (80 % of 
folds), max Y- (100 % folds) and max Z-axis acceleration (100 % folds) 
were additionally selected. 

This indicates that it may not be necessary to extract all features for 
future work as some were not selected at all in these tests. With this, we 
tested to see whether feature selection led to improved classification 
performance for unbalanced and balanced datasets (Table 8). For un-
balanced data we found that RF performed significantly better on 
excretory event classification with the full feature set compared to 
applying RF with feature selection (defecation: sensitivity + 7.29%, 
precision + 3.17%; urination: sensitivity + 3.44%, precision + 3.49%). 
For the balanced dataset, there was a small but significant improvement 
in sensitivity of standing classification with the full feature set 
(+1.32%). However, for all other classes there was no significant 
improvement or degradation in the performance of random forest when 
feature selection was applied. 

LOCO models were developed using both unbalanced and balanced 
datasets for comparison. Given the results (Table 8) we decided not to 
apply feature selection to these tests although this could be further 
evaluated in future studies. 

3.3. Leave-one-cow-out cross-validation 

Results for LOCO tests are shown in Fig. 3 for models developed on 
unbalanced (UB) and balanced (B) data using a 15 s window. Data are 
means ± 95% CI for the performance of all models across all cows that 
were in-turn left out of the analysis. For unbalanced data, mean sensi-
tivity, and precision for standing, LL and LR was ≥ 99% with little 
variability, indicating good stability across cows. However, classifica-
tion performance for excretory events was poorer with considerable 
variation across cows. Mean sensitivity for defecation and urination was 
35.5% and 44.5% respectively while mean precision was 62.2% and 
55.9%. 

Similar patterns of performance were found for the balanced datasets 
with relatively good stability for standing and lying postures but 
considerable variation again for defecation (mean sensitivity = 69.6 % 
and precision = 13.3 %) and urination (mean sensitivity = 51.3 % and 
precision = 34.2 %) for the balanced datasets. For standing, LL and LR, 
LOCO results largely agree with that found for the SCV analysis but with 
marginally poorer performance in the classification of standing owing 
perhaps to a reduction in the variation available in the balanced dataset. 
However, for defecation and urination, considerable differences were 
found between the SCV and LOCO methods with much higher estimates 
of classification performance for SCV. 

Table 6 
Classification performance of random forest models on balanced datasets using 
stratified cross-validation with data segmented using 3-, 6-, 9-, 12- and 15 s 
windows (results are for 10 runs × 10 folds).  

Observed 
behaviour 
(instances) 

Predicted behaviour (instances)  

Standing LR LL Defecation Urination 

3 s window      
Sensitivity (%) 87.56a 99.87b 99.29ab 74.46a 78.74a 

Precision (%) 84.68a 99.41a 99.43a 75.28a 81.84a 

6 s window      
Sensitivity (%) 90.78b 99.42a 99.80c 79.74b 90.18b 

Precision (%) 89.54b 99.86b 99.43a 83.04b 88.67b 

9 s window      
Sensitivity (%) 93.26c 99.68ab 98.90a 83.63c 91.88bc 

Precision (%) 91.34c 99.84b 99.69ab 86.03c 91.11c 

12 s window      
Sensitivity (%) 94.56 cd 99.78b 99.82c 91.46d 93.52 cd 

Precision (%) 96.35d 100.00b 99.79ab 89.42d 94.23d 

15 s window      
Sensitivity (%) 96.08d 100.00b 99.59bc 89.95d 94.37d 

Precision (%) 94.75d 100.00b 100.00b 91.35d 94.58d 

P-value < 0.01 < 0.01 < 0.01 < 0.01 < 0.01 

a-d Different superscripts within columns indicate a significant difference be-
tween window sizes for sensitivity and precision. 

Table 7 
Selection appearances (%) of features of the acceleration data on unbalanced and balanced 15 s window datasets using SCV (10 runs × 10 folds).    

Acceleration features 

Dataset Mean X Mean Y Mean Z SD X SD Y SD Z Min X Min Y Min Z Max X Max Y Max Z 

Unbalanced (%) 100 100 100 0 0 0 100 100 0 0 0 0 
Balanced (%) 80 100 100 0 0 50 100 80 80 0 100 100  

Table 8 
Classification performance of random forest models with and without feature 
selection on unbalanced and balanced datasets developed using a 15 s window 
(results are for 10 runs × 10 folds).  

Observed 
behaviour 
(instances) 

Predicted behaviour (instances) 

UNBALANCED 
DATASET      

Random Forest with 
feature selection 

Standing LR LL Defecation Urination 

Sensitivity (%) 99.97a 100.00a 99.98a 79.41a 85.02a 

Precision (%) 99.83a 100.00a 99.99a 93.38a 95.71a 

Random forest 
without feature 
selection      

Sensitivity (%) 99.99b 100.00a 99.99b 86.70b 88.46b 

Precision (%) 99.89b 100.00a 99.99a 96.55b 99.20b 

P-value <0.01 NS <0.01 <0.01 <0.01 
BALANCED 

DATASET      
Random Forest with 

feature selection 
Standing LR LL Defecation Urination 

Sensitivity (%) 94.76a 100.00a 99.51a 89.22a 94.98a 

Precision (%) 94.52a 99.92a 100.00a 90.62a 94.08a 

Random forest 
without feature 
selection      

Sensitivity (%) 96.08b 100.00a 99.59a 89.95a 94.37a 

Precision (%) 94.75a 100.00a 100.00a 91.35a 94.58a 

P-value < 0.01 NS NS NS NS 

a-b Different superscripts within columns indicate a significant difference be-
tween performance of random forest with and without feature selection for 
unbalanced and balanced datasets. 
NS Indicates no significant difference. 
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4. Discussion 

4.1. Overview 

Results of the SCV showed that classification performance generally 
improved with larger window sizes in both unbalanced and balanced 
datasets with the best performance generally achieved with a 15 s 
window (15 data rows included in each window). However, excellent 
classification results were found across all windows for the primarily 
static postures standing and lying (both left and right laterality). Given 
the performance results and the duration of excretory events, the 15 s 
window was selected for further tests. Using the 15 s window, the impact 
of feature selection was tested, but no significant benefit was found for 
classification performance in either unbalanced or balanced datasets. 
However, with further instances of excretory events to capture more 
variation, it is likely that a more comprehensive study of data balancing 
strategies and feature importance could be evaluated. Using only the 
results of SCV the results were generally very good across all postures 
(sensitivity and precision > 86.7 %) and comparable to other recent 
publications for excretory event classification. Using two accelerometers 
fitted to the back of dairy cows to measure arching, Shorten and Welten 
(2022) classified urination and defecation with F1 scores of 0.80 and 
0.73 respectively. Lush et al., (2018) achieved a mean sensitivity and 
precision of 62.1 % and 86.7 % respectively for the classification of 
sheep urination events. 

The second part of the analysis in the current study involved devel-
oping models from n-1 cows for model prediction on individual (held- 
out) cows (LOCO). Based on the results it was decided that this should be 
undertaken with models developed using a 15 s window only because 
bouts of defecation and urination generally lasted longer than 15 s 
(Table 3). Furthermore, based on the results in Table 8, tests were un-
dertaken without implementing feature selection. In agreement with 
SCV, on average, excellent performance was achieved for the classifi-
cation of standing, LL and LR with minor variation between cows. 
However, it is likely that the SCV results for defecation and urination 
were overly optimistic in all testing strategies given that poor perfor-
mance was found for the classification of these behaviours using LOCO. 
This agrees with that found for defecation event classification in Wata-
nabe et al., (2019). 

4.2. Stratified cross validation and leave-one-cow-out cross-validation 

The leave-one-animal-out approach to behaviour classification has 
been highlighted as an important consideration (Ferdinandy et al., 
2020) as the method provides information on the efficacy of models on 
animals not used in the training phase. In livestock operations the 
rationale for model development is usually for deployment across many 
animals and limited time and resources often means that models are 
developed over a small sample of animals. Barwick et al. (2018) used 
this method to classify the behaviour of sheep (n = 5) using acceler-
ometers fitted to the ear, collar and neck and Fogarty et al. (2020) used a 
similar methodology to classify the behaviours of sheep (n = 12) again 
using an ear-mounted accelerometer. In this work, 10 cows were used 
for model development. 

Class imbalance is an issue which often occurs (Fogarty et al., 2020; 
Williams et al., 2016) in animal behaviour datasets because of the fre-
quency of postures and behaviours and challenges in recording. We 
evaluated the impact of balancing classes on model performance and 
found similar patterns of improvement as window size increased. For 
future work, it would be beneficial to increase the number of recorded 
excretory events first, before balancing as we suspect that there may be 
considerable variation across cows for these events, hence the poor 
performance with LOCO. Sample size is a continuing challenge in studies 
of livestock posture and behaviour classification, and this is evident 
across a breadth of studies. For example, Lush et al., (2018) collected 
127 s of urination events of sheep compared to 8,345 s of lying and 
7,595 s of foraging. 

It is perhaps no surprise that excellent performance was achieved in 
correctly identifying standing, LL and LR across both SCV and LOCO. 
This is because it is likely that across cows, these postures vary very little 
and that proportionately more variation may be explained by other 
factors such as the crossover between a defecation and a standing event 
(hence some misclassifications between these postures). Also, in LOCO, 
feature set importance may differ between the training and test set 
(Rahman et al., 2018) leading to variability in performance. It is likely 
that for the SCV analysis, data from individual cows would have 
appeared in both the training and testing sets and this probably led to 
the over-optimistic results especially with overlapping windows (Riab-
off et al., 2019). 

Fig. 3. Mean (±95 % CI) precision and sensitivity of random forest models across all 10 cows using a leave-one-cow-out cross-validation strategy on unbalanced (UB) 
and balanced (B) datasets. Results are for all cows that were left out of the training data. Models were developed using the full feature set extracted from a 15 s 
window. LL = Lying with left laterality, LR = Lying with right laterality, DEF = Defecation, URIN = Urination. 
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4.3. Window size, accelerometer sampling interval and features 

The results of the current study show that models developed on 
various window sizes using a sampling interval of 1 Hz show good sta-
bility across cows for the postures standing LL and LR. Other tail 
movements were also included in each dataset to introduce ‘noise’, but 
these relatively small movements such as tail swishing and flicking 
accounted for a small proportion of the data and may have been insig-
nificant given the relatively low sampling interval (Rahman et al., 
2018). Furthermore, because features were extracted using an n + 1 
window step, these movements were probably rendered largely insig-
nificant compared to the principal and largely static posture taking 
place. High sampling intervals are often used (Rahman et al., 2018; 
Eerdekens et al., 2020) in animal behaviour studies which can be 
especially useful for capturing fine scale movements. Depending on the 
analytical strategy, the removal of outliers may be necessary, but this 
was not considered in this work. The decision to use n + 1 sliding 
windows was primarily down to the need for a practical strategy to 
deploy such models in real-time scenarios. However, fixed, non- 
overlapping windows have been used previously (Williams et al., 
2016) as well as partially overlapping (Walton et al., 2018) and adaptive 
sliding windows (Noor et al., 2017). Given the sampling frequency and 
windowing strategy used here, the data will be highly correlated which 
probably contributed to the optimistic performance of models on the 
minority classes using SCV (Riaboff et al., 2019). 

The number of features extracted was purposefully kept low to 
minimize complexity and the results show that for at least some pos-
tures, simple features could be used effectively by the RF algorithm for 
posture recognition. This may be expected for postures that are largely 
static where there is minor variation between animals (e.g., standing) 
and it is likely that other algorithms would match this performance. 
However, for the classification of excretory events, it may be necessary 
to evaluate other features which may help in identifying key aspects of 
each event. The results also suggest that some features may be more 
important than others and future work should look to explore these 
more closely and to examine the possibility of using other features. For 
example, using the distinct curve-like acceleration signatures produced 
during a defecation event (tail rising and change in x- and z-axes), 
Watanabe et al., (2019) calculated the area under the curve as a feature 
for classifying defecation. These signatures were also found in the cur-
rent study for both defecation and urination (Fig. 2). 

Lush et al. (2018) extracted several useful features based around 
static and dynamic acceleration, and a similar method was evaluated by 
Benaissa et al. (2019). Given the clear similarities in the posture and tail 
position of cattle during both defecation and urination events there may 
also be a requirement to evaluate other sensors and mounting positions. 
For example, an accelerometer in combination with a gyroscope and 
magnetometer might be useful in providing further resolution and 
dimensionality as has been undertaken previously with other animals 
(Noda et al., 2014; Sakai et al., 2019; Balasso et al., 2021). Other 
techniques evaluated to date have been based around capturing and 
analysing urination events through devices fitted to the rear of cows 
(Shepherd et al., 2017; Marshall et al., 2021). However, Shorten and 
Welten (2021) classified the urination events of cattle using spectral 
acoustic patterns from a leg-mounted sensor. Quantifying volume and 
urine concentration using lightweight non-invasive sensors could be 
more challenging. A key issue is that tail rising events may not perfectly 
coincide with the excretory events. For example, sometimes, urination 
can start before the tail has fully risen and the tail may still be partially 
raised after a defecation event has ended. Therefore, if tail movement is 
to be used as a proxy for the event, then a strategy is required to account 
for potential discrepancies in the posture and the event itself. A similar 
issue was reported in Shorten and Welten (2022) in that the duration of 
the excretory event itself was overestimated when using the degree of 
back arch as a proxy for urination with dairy cows. Clearly the strategy 
used in the current study could also lead to inaccurate excretory volume 

estimates. 

4.4. Sensor position and inter-cow variability 

More work is needed to ensure that minor changes in the position of 
the accelerometer on the tail do not lead to variation in the acceleration 
signals. In this work a consistent method was applied where each 
accelerometer was fitted 15 cm below the base of the vulva but in 
practice this could vary, and the size of any variation should be fully 
quantified. Furthermore, the upper part of the tail as selected here is less 
likely to contribute to noise in the data than say areas near the base of 
the tail (tail twisting for example). Such variation could have implica-
tions as to the reliability of any prediction model aimed at identifying 
specific postures or behaviours. Currently, it is not known how much 
variation in accelerometer signal is explained by differences in the size 
of cows, their movements during each event (particularly during 
excretory events), their age, health status or diet. An attempt was made 
to include as many cows as possible in the modelling procedure given 
time constraints and the number of dry cows available. Furthermore, all 
cows were healthy and not lactating. For the classification of excretory 
events, it would be interesting to know whether faecal consistency as 
affected by diet or health status affects the accelerometer signal. Indeed, 
this work should be repeated using lactating cows. Given the poor results 
found for the LOCO analysis, we suspect that there may be considerable 
inter-cow variation which may be supported by that shown in Fig. 2. For 
future work it may be worth exploring whether models could be 
developed for individual animals (González et al., 2015; Barwick et al., 
2020). 

4.5. Discriminating between excretory events 

Despite overoptimistic results for the classification of excretory 
events with SCV there are some noteworthy considerations. The results 
seem to suggest that many instances of defecation were being mis-
classified as standing events and that many urination events were mis-
classified as defecation events with fewer being misidentified as 
standing. This may suggest that subtle differences exist in the position of 
the tail for each type of excretory event (Fig. 2). One explanation for the 
misidentification of some defecation events as standing is that the tail 
must move from a vertical position to a more horizontal position and 
there may be some overlap in the data. This probably explains some of 
the misidentification between urination and defecation too, that is, the 
tail transitions through the same position as for defecation events. This 
may also be partly explained by the windowing strategy in that and n + 1 
window does not only capture the excretory event at its apex but cap-
tures the whole movement. Other sensors could be tested to discriminate 
between the type of excretory event taking place, which could include 
combining sensors. For example, accelerometers and acoustic sensors 
could be used for detecting movements and sounds produced by each 
event (Shorten and Welten, 2021). The classification of excretory events 
is challenging, and further work will be needed particularly if other 
essential information is to be gathered such as volume and nitrogen 
concentration. 

5. Conclusion 

Data from tail-mounted sensors such as accelerometers may be useful 
in broadly identifying dairy cow excretory events, but further work is 
needed to successfully discriminate between defecation and urination. 
As a first step, more data are needed for excretory events. This would 
probably require the use of video recording equipment for long term 
recording of ground truth behaviours as well as large sensor data ca-
pacity. Furthermore, there could be scope to combine sensors for higher 
resolution and improved data capture. From this, a robust segmentation 
strategy is needed for model development. There is a risk that fixed-time 
segmentation could lead to window misalignment and misidentification 

M. Williams and S. Zhan Lai                                                                                                                                                                                                                 



Computers and Electronics in Agriculture 199 (2022) 107187

9

of excretory events which are of short duration. Also highlighted are 
issues with overlapping windows in identifying dynamic events such as 
those noted here. Models should be developed to be useful in predicting 
the postures and behaviours of previously unseen animals. Alterna-
tively, models could be developed and evaluated for use on individual 
animals. This work has shown that tail-mounted accelerometers can be 
effectively used to classify lying and standing (Ledgerwood et al., 2010) 
and that there may also be scope for identifying excretory events with 
further data for evaluation. 
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