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ABSTRACT

Removal of teat-end debris is one of the most critical 
steps in the premilking process. We aimed to estimate 
inter- and intra-rater reliability of an observation-based 
rating scale of dairy parlor worker teat-cleaning perfor-
mance. A nonrandom sample of 8 experienced raters 
provided teat swab debris ratings scored on a 4-point 
ordinal visual scale for 175 teat swab images taken im-
mediately after teat cleaning and before milking unit 
attachment. To overcome the uncertainty associated 
with visual inspection and observation-based rating 
scales, we assessed the reliability of an automated 
observer-independent method to assess teat-end debris 
using digital image processing and machine learning 
techniques to quantify the type and amount of debris 
material present on each teat swab image. Cohen’s 
kappa coefficient (κ) was used to assess inter-rater 
score agreement on 175 teat swab images, and the in-
traclass correlation coefficient was used to assess both 
intra-rater score agreement and machine reliability. 
The reliability of debris scoring of teat swabs by raters 
was low (overall κ = 0.43), whereas the machine-based 
rating system demonstrated near-perfect reliability 
(Pearson r > 0.99). Our findings suggest that machine-
based rating systems of worker performance are much 
more reliable than observational-based methods when 
evaluating premilking teat cleanliness. Teat swab im-
age analysis technology can be further developed for 
training and quality control purposes to enable more 
efficient, reliable, and independent feedback on worker 
milking performance. As automated technologies are 
becoming more popular on dairy farms, machine-based 
teat cleanliness scoring could also be incorporated into 
automated milking systems.

Key words: milk quality, udder hygiene, worker 
performance, machine learning

INTRODUCTION

Udder health must be protected to optimize both 
milking efficiency and overall milk yield. Therefore, a 
key dairy management strategy is to ensure that parlor 
workers milk clean, dry, stimulated teats using proper 
pre-and postmilking hygiene procedures. Removal of 
teat-end debris (e.g., manure, bedding, and dirt) is 
among the most critical steps in the premilking pro-
cess. Visual inspection of teat wipes is commonly used 
to evaluate teat-cleaning effectiveness before milking 
unit attachment, and several observation-based rating 
scales have been reported for this purpose (Cook, 2002; 
Hovinen et al., 2005; Reneau et al., 2005).

A limitation to the use of available observation-
based rating scales of post-wipe teat swabs is a lack 
of methodologically rigorous evaluations of their in-
ter- and intra-rater agreement. One study reported (1) 
good to excellent intra-rater reliability of observation-
based hygiene scores among 3 dairy science academic 
faculty and 1 graduate student, and (2) moderate to 
good correlation in hygiene scores between 2 faculty 
and 14 student observers with varying levels of dairy 
industry experience (Reneau et al., 2005). Additional 
studies have reported moderate to good agreement in 
ratings between 2 research team members (Devries et 
al., 2012) or among repeat ratings by a single research 
team member (Schreiner and Ruegg, 2003; Ellis et al., 
2007). No published studies describe agreement in rat-
ing scores between or within individuals from industry 
stakeholder groups (e.g., producers, veterinarians, and 
extension personnel). Having industry stakeholder per-
spective is necessary to effectively evaluate the utility 
of such a field-based quality control tool.

One assumption underlying the use of observation-
based rating scales is that an increase in subjective 
rating score is associated with an increase in debris or 
microbial contamination near the teat end, a reduction 

Reliability of observational- and machine-based 
teat hygiene scoring methodologies
David I. Douphrate,1* Nathan B. Fethke,2 Matthew W. Nonnenmann,2 Anabel Rodriguez,1  
and David Gimeno Ruiz de Porras1
1Southwest Center for Occupational and Environmental Health, Department of Epidemiology, Human Genetics and Environmental Sciences, 
School of Public Health in San Antonio, The University of Texas Health Science Center at Houston, San Antonio, TX 78229
2Department of Occupational and Environmental Health, College of Public Health, University of Iowa, Iowa City 52246

 

Received January 22, 2019.
Accepted April 15, 2019.
*Corresponding author: david.i.douphrate@​uth​.tmc​.edu



Journal of Dairy Science Vol. 102 No. 8, 2019

TEAT HYGIENE SCORING RELIABILITY 7495

in milk quality, or both. Also, while visual inspection 
and observation-based rating scales focus on ascertain-
ing cow (or teat, or both) hygiene status, failure to suf-
ficiently remove chemical sanitizers (e.g., dip) from the 
teats during milking preparation may also compromise 
milk quality (Galton et al., 1984; Castro et al., 2012; 
French et al., 2016). As a result, there is an industry 
need to develop objective methods of ascertaining teat 
cleanliness (i.e., presence of teat debris and chemical 
residue) before milking unit attachment.

The primary objective of this study was to estimate in-
ter- and intra-rater reliability of a common observation-
based rating scale used to evaluate worker teat-cleaning 
performance. Additionally, we introduce a method for 
an automated, objective assessment of teat swab debris 
using digital image processing and machine learning 
techniques. Results of the observer-based scoring meth-
odology were compared with results of machine-based 
assessment methodology. The intra-rater reliability of 
the machine-based assessment method (i.e., machine 
reliability) was also explored. Findings from this study 
will lead to the research and development of automated 
solutions using digital sensor technologies for milking 
performance monitoring in the dairy industry.

MATERIALS AND METHODS

Teat Swab Collection and Digital Imaging

To ensure a broad range of the presence of teat-end 
debris and dip chemical(s), we collected a single teat 
swab from each of 175 randomly selected cows at a 
single, large (i.e., milking herd size of about 3,800 cows) 
dairy farm located in the southwestern United States. 
At the time of data collection, the dairy farm had not 
received any rain for at least 2 wk, and pens were dry 
and well groomed. Immediately following completion 
of manual premilking routine tasks and before milking 
unit attachment, a research team member positioned 

the center of a dry, sterile 12-ply gauze pad (10.2 cm 
× 10.2 cm square) under the end of the posterior, right 
teat. The teat periphery was then wiped approximately 
3.0 cm inches proximal to the teat end. One gauze pad 
was used per teat.

Immediately after collection, each swab was secured 
in a hinged clamshell vise (Figure 1) with a 7.0-cm 
diameter circular opening. A color digital image of each 
swab was then captured using a Sony Handycam HDR-
SR12 affixed to a frame above the clamshell vise (Figure 
1). Images were captured in the RGB (red, green, blue) 
color space (32 bits per pixel) using the f/4 aperture 
setting, an exposure time of 350−1 s, and digital dimen-
sions of 3,680 × 2,760 pixels (Figure 1). A portable 
light tent with a 5600K daylight light-emitting diode 
light source and reflective interior (model PVTT035, 
Fotodiox) was used to control lighting conditions 
around the clamshell vise.

Teat Cleanliness Ratings

We recruited a nonrandom sample of 8 experienced 
raters to independently provide a teat swab score for 
each image. Rater A was a dairy veterinarian and re-
search scientist, as well as dairy extension specialist 
with over 12 yr of experience in the industry; rater 
B was a dairy management specialist and extension 
specialist with over 15 yr of experience in the industry; 
rater C was a dairy veterinarian and dairy farm owner/
manager with over 15 yr of experience in udder health 
and teat hygiene management, as well as milker per-
formance training and teat hygiene monitoring; rater 
D was a dairy researcher and extension scientist with 
more than 8 yr of experience in the industry; rater 
E was a dairy extension outreach trainer with 26 yr 
of experience in the industry including milker train-
ing and teat hygiene assessment; rater F was a dairy 
nutrition scientist and extension specialist with 27 yr 
of experience in the industry with extensive experience 

Figure 1. Left: hinged clamshell vise used to secure teat swab; middle: photo box with camera frame setup; right: teat swab image.
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in milker training and teat hygiene assessment; rater 
G was a dairy producer with 22 yr of experience in 
the industry; and rater H was a dairy veterinarian and 
research scientist, and extension specialist with more 
than 25 yr of extensive experience in milker training 
and teat hygiene assessment.

Each rater independently rated teat swab images on-
line using Qualtrics survey software (Qualtrics, Provo, 
UT). Raters were asked to provide a teat swab debris 
rating of 175 teat swab images using the Teat Cleanli-
ness Scorecard developed by Westfalia Surge (Cook and 
Reinemann, 2007). This visual scorecard uses a 4-point 
ordinal scale to assess the degree of manure, dip, and 
bedding contamination at the teat end after completion 
of the milking preparation procedure, before milking 
unit attachment. A score of 1 = clean, with no manure, 
dirt, or dip; 2 = dip is present, but no manure or dirt; 
3 = small amount of dirt and manure is present; and 
4 = larger amount of dirt and manure is present. A 
representative teat swab image for visual reference was 
included for each of the 4 rating scores. Teat swab im-
ages were presented to each rater in random order, and 
each rater was unaware of the scores of other raters.

Digital Image Processing

In digital imaging science, image processing includes 
analysis, manipulation, storage, and display of pixel 
information. This pixel information can come from 
sources such as digital photographs or video. Generated 
outputs of image processing can be an image or set 
of characteristics or parameters related to the original 
image that was processed (Hani, 2013). To overcome 
the uncertainty associated with visual inspection and 
observation-based rating scales, we used standard digi-
tal image processing techniques to objectively quantify 
the type and amount of debris material present on each 
teat-end swab.

First, a custom color classifier was created using the 
LabVIEW Vision Development Module (version 2017, 
National Instruments Inc., Austin, TX). Briefly, the 
color classifier is a database containing samples of each 
of 4 categories (or “classes”) of material that could ap-
pear in each swab image (n = 150 samples per class): 
(1) “dirt,” or a region consisting of manure, bedding, 
or dirt; (2) “green,” or a region consisting of green-
tinted dip solution; (3) “yellow,” or a region consisting 
of yellow-tinted dip solution; (4) “swab,” or a region 
consisting of clean swab material. Note, the milking 
parlor operation from which teat-end swabs were col-
lected (described above) used a yellow iodine-based 
premilking dip and a green postmilking dip. Residue 
from the green postmilking dip (from the prior milk-
ing) was visible on several of the teat swabs. Samples 

were identified manually by selecting regions of the 
swab images consistent with a material class, and 
then assigning the class labels to the selected regions. 
Approximately 25 of the full set of 175 swab images 
were randomly selected as the source data for the class 
samples. To quantify color information, the LabVIEW 
color classifier tool first converts each class sample to 
the HSL (hue, saturation, luminance) color space, 
creates histograms of each channel (i.e., H, S, and L), 
suppresses the luminance channel (by 12.5%), and then 
combines the result into a color “feature” (essentially, a 
vector describing the color information in the sample).

The distribution of color features across the samples 
in each class is then used with a predictive (i.e., statisti-
cal) model as the basis for assigning a class to each 
pixel (or pixel area) in a teat swab image. We used the 
k-nearest neighbor (kNN) supervised machine learn-
ing technique for this purpose (Duda et al., 2000). The 
use of kNN is common in biomedical imaging applica-
tions for which regions of tissue must be isolated for 
diagnostic determinations (Steenwijk et al., 2013). In 
our application, the HSL-based color feature of each 
3 × 3 pixel area within the circular region of a teat 
swab image is calculated and compared with the color 
features of all samples in the color classifier database. 
The 11 samples nearest the 3 × 3 pixel area (i.e., k = 
11) are identified based on color feature and calculated 
using the Manhattan distance function (Muralidharan 
and Chandrasekar, 2011). The value of k was selected 
as that which maximized accuracy of the classifier 
through repeated 10-fold cross-validation (i.e., with k = 
1, 2, …, 25; Arlot and Celisse, 2010). The kNN model 
then assigns 1 of the 4 classes to the 3 × 3 pixel area 
based on a majority vote of these 11 nearest samples. 
In addition, an “unassigned” class is assigned to 3 × 3 
pixel areas for which the kNN model is unable to assign 
1 of the other 4 classes (i.e., based on the color feature 
of the area and the distance function). The number of 
pixels assigned to each class is then calculated and ex-
pressed as a proportion of the total pixel count within 
the circular region of the swab image (see Figure 2 for 
example results).

In addition to cross-validation, performance of the 
kNN model was assessed using a confusion matrix to 
estimate the frequency of predicted classes for each 
set of samples manually assigned to a particular class. 
Specifically, of the 150 samples of each class, 100 were 
randomly selected and used to train the kNN algorithm 
(with k = 11, as described above). The remaining 50 
samples of each class were used to generate the confu-
sion matrix. The confusion matrix can then be used to 
estimate the classifier’s accuracy and predictive value 
(Table 1). For example, 52 of the 200 samples in the test 
database (recall, n = 50 samples per class) were pre-
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dicted to belong the dip/green class. Of these, 49 were 
correct (i.e., true positives) and 3 were incorrect (i.e., 
false positives). The predictive value of the algorithm in 
identifying dip/green is then 49/52 = 0.94. The overall 
classifier accuracy is computed as the arithmetic mean 
of class-specific accuracies (0.97, in this case).

Statistical Analysis

Agreement in the observer ratings (i.e., inter-rater 
agreement) among the full set of 175 teat swab im-
ages was estimated using Cohen’s kappa coefficient 
(κ). To permit estimation of intra-rater agreement, 25 
randomly selected images were duplicated and rotated 
180° (i.e., observers rated a total of 200 images: 175 
original and 25 duplicates). The presentation order of 

the 200 images within the Qualtrics survey software 
was randomized once (i.e., all raters were presented all 
200 images in the same order). The intraclass correla-
tion coefficient was then used to estimate (intra-rater) 
agreement in the observer ratings of the 25 original and 
25 duplicated images.

Each of the 175 original teat swab images was 
processed using the trained color classifier to obtain 
estimates of the proportion of each undesirable mate-
rial class on each swab (i.e., %dirt, %green, %yellow, 
and %total, where %total is the sum of %dirt, %green, 
and %yellow). Distributions of the proportions of each 
undesirable material class were then summarized (using 
means and SD) for the full set of 175 original images and 
by quartiles. Additional inter-rater reliability analyses 
were then performed to estimate the agreement in ob-

Figure 2. Example of teat swab original and processed images with processing results.

Table 1. Performance of the k-nearest neighbor classifier

Assigned class

Predicted class

Total AccuracyDip/green Dip/yellow Dirt Wipe

Green 49 0 0 1 50 49/50 = 0.98
Yellow 3 45 2 0 50 45/50 = 0.90
Dirt 0 0 50 0 50 50/50 = 1.00
Wipe 0 0 1 49 50 49/50 = 0.98
Total 52 45 53 50 200  
Predictive value 49/52 = 0.94 45/45 = 1.00 50/53 = 0.94 49/50 = 0.98    
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server ratings among images assigned to each quartile 
of each undesirable material class (using Cohen’s κ).

Reliability of the color classifier (i.e., intra-machine 
reliability) was also assessed. First, the circular region 
of each swab image was distorted in Adobe Photoshop 
(Adobe, San Jose, CA) software using the “twirl” tool 
(with a setting of 90°), and the distorted images were 
processed using the trained color classifier to obtain 
new estimates of the proportion of each undesirable 
material class on each swab. To estimate intra-machine 
reliability, the strength of the linear relationship be-
tween the processing results from original and distorted 
images was estimated using the Pearson correlation 
coefficient. The purpose of introducing distortion was 
to alter the color information within each 3 × 3 pixel 
area presented to the color classifier but without alter-
ing the relative proportions of the colors within the 
overall circular region. To quantify the change in the 
overall relative proportions of colors introduced by the 
distortion process, histograms of the red, green, and 
blue color channels were generated (using LabVIEW) 
for the circular regions of both the original and dis-
torted images. For each color channel, differences in 
the pixel counts across the full range of color values in 
the histograms represented <0.25% of the total number 
of pixels within the circular region (which we consider 
negligible).

Stata (v. 15.1, StataCorp LP, College Station, TX) 
was used for all statistical analyses. The Committee for 
the Protection of Human Subjects and Animal Welfare 
Committee at the University of Texas Health Science 
Center at Houston both approved all study procedures.

RESULTS

Inter- and Intra-Rater Reliability

The number of teat swab images each rater assigned 
to each of the 4 rating scores varied widely (Table 2). 

For example, the proportion of the 175 original images 
classified as 4 (i.e., large amount of dirt and manure) by 
each rater ranged from 3.4 to 20.5%. Raters provided a 
unanimous score for only 13.5% of the images, whereas 
the range of scores (maximum − minimum) was at least 
2 for more than 25% of the images (data not shown). 
Overall, the inter-rater agreement in the rating scores 
for the 175 original images was marginal to poor (κ = 
0.43; Table 2). Furthermore, only moderate intra-rater 
agreement was observed in the rating scores of the 25 
randomly selected and duplicated images (intraclass 
correlation coefficient = 0.74, 95% CI = 0.62–0.85).

Across the full set of 175 original images, the mean 
proportion of pixels assigned to the undesirable mate-
rial classes (using the color classifier) was greatest for 
the premilking dip solution (%yellow = 8.66 ± 10.81%), 
followed by manure, bedding, and dirt (%dirt = 2.04 ± 
5.21%), and then the postmilking dip solution (%green 
= 0.39 ± 1.23%; Table 2). Examining the material clas-
sification results by quartiles underscores the substan-
tial negative skew of the distributions. Consistent with 
the overall inter-rater agreement in observer rating 
scores of the full set of 175 images (i.e., κ = 0.43), esti-
mates of inter-rater agreement in observer rating scores 
of images assigned to each quartile of each undesirable 
material class were marginal to poor (i.e., κ ranging 
from 0.21 to 0.49). For the “total” material class, which 
reflects the overall amount of undesirable material on 
the swab, inter-rater agreement was higher for images 
assigned the 1st (κ = 0.44) and 4th quartiles (κ = 0.46) 
compared with images assigned to the 2nd (κ = 0.29) 
and 3rd quartiles (κ = 0.27). A similar pattern was 
observed across quartiles of the “yellow” material class.

Intra-Machine (kNN Classifier) Reliability

Comparison of the material classification results 
from the 175 original images and 175 distorted images 
suggested near-perfect intra-machine reliability. Spe-

Table 2. Cross-tabulation of raters’ scores and overall inter-rater agreement of 175 teat-swab images1

Rater

Rating scale score

Total 
N

1 
no. (%)

2 
no. (%)

3 
no. (%)

4 
no. (%)

1 13 (7.4) 59 (33.7) 67 (38.2) 36 (20.5) 175
2 18 (10.2) 56 (32.0) 81 (46.2) 17 (9.7) 172
3 28 (16.0) 64 (36.5) 77 (44.0) 6 (3.4) 175
4 22 (12.5) 77 (44.0) 69 (39.4) 7 (4.0) 175
5 45 (25.7) 36 (20.5) 52 (29.7) 42 (24.0) 175
6 49 (28.0) 86 (49.1) 28 (16.0) 10 (5.7) 173
7 31 (17.7) 67 (38.2) 66 (37.7) 11 (6.2) 175
8 12 (6.8) 47 (26.8) 83 (47.4) 33 (18.8) 175
Total 218 (15.6) 492 (35.2) 523 (37.4) 162 (11.6) 1,395
1Overall inter-rater agreement: Cohen’s kappa = 0.43.
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cifically, for each undesirable material class (i.e., dirt, 
green, yellow, and total), the Pearson correlation coef-
ficient describing the strength of the linear relationship 
between results from the original and distorted images 
exceeded 0.99 (Figure 3).

DISCUSSION

Premilking teat and udder sanitization is a vital step 
in reducing bacteria at the teat end during milking as 

well as the number of bacteria entering milking equip-
ment, which ultimately can be transferred from one 
cow to another by the milking machine (Bade et al., 
2008). Additionally, inadequate teat cleaning and dry-
ing can result in elevated bacterial counts or chemical 
residues in bulk tank milk, which can compromise milk 
quality (Galton et al., 1984, 1986; Elmoslemany et al., 
2010). Observation-based rating scales (such as the one 
used in this study) are often used as a quality control 
metric to evaluate worker performance of cleaning teat 

Figure 3. Scatterplots and Pearson correlation coefficients of material classifications of original versus distorted images (n = 175).
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ends before milking unit attachment. By evaluating 
teat ends for debris and chemical residue, parlor man-
agement can more effectively inform workers of their 
teat-preparation effectiveness and consistency.

Like all quality control measurement tools used on a 
farm, reliability of the measurement tool is paramount. 
For observation-based rating tools, scoring should be 
consistent both within and between evaluators. Our 
findings suggest that scoring of teat swabs from expe-
rienced raters (both within and between raters) using 
the Teat Cleanliness Scorecard is not reliable. Although 
rating score descriptors provided with the Teat Cleanli-
ness Scorecard (and replicated in our Qualtrics survey) 
include language pertaining to the presence of dip, 
manure, and bedding, it was not clear if raters would 
elect to emphasize one particular material class over 
the others. The observed results suggest that the extent 
of inter-rater agreement was not strongly dependent on 
either the type or amount of material visible on the teat 
swab images. However, further inspection of Table 3 
suggests somewhat greater inter-rater agreement when 
the amount of material on the swab was either less 
than 1% (i.e., 1st quartile all material classes and 3rd 
quartile of green) or more than 25% (i.e., 4th quartiles 
of yellow and total). This finding suggests that observa-
tion-based scoring of teat cleanliness could be reduced 
to a dichotomous scale (i.e., “clean” or “not clean”). 
A related question is whether the color classification 
results agree with the raters’ scores. Unfortunately, the 
wide variation in rating scores (i.e., consensus rating 
for only 13.5% of the images) and the absence of a true 
“gold standard” rating for each teat swab image do not 
permit a robust evaluation of the association between 
the raters’ scores and the color classification results.

Our findings suggest worker performance can be 
inconsistently evaluated by the same or different evalu-
ators. Inconsistent evaluation could result in role ambi-
guity among parlor workers, which has been shown to 
compromise job performance (Abramis, 1994). Worker 
productivity is dependent on the existence of clearly 
defined standards for evaluating worker performance 
for a given job task (Shikdar and Das, 2003). Worker 
performance goal-setting and performance feedback 
can have motivating effects on worker performance as 
well as affect worker satisfaction. Research studies have 
shown that specific performance goals or standards 
result in higher quality performance among workers 
(Locke, 1968; Awdia et al., 1996; Phillips and Gully, 
1997). However, a reliable evaluation tool is needed 
to assess performance and provide feedback to dairy 
parlor workers.

Contrary to observation-based evaluation methods, 
a machine-based rating system using digital image 
processing methodologies to objectively quantify the 

type and amount of teat-end debris demonstrated 
near-perfect reliability in our study. The use of image 
processing to classify and quantify teat-end debris ap-
pears promising, as it eliminates bias associated with 
observation-based rating schemes and introduces a new, 
data-driven approach to optimize dairy quality control 

Table 3. Mean (SD) of percent material class with rater score 
agreement within quartiles (n = 175 nonrepeated teat swab images)

Material class1
No. 
(%)

Mean 
(SD),2 %

Cohen’s  
kappa3

Dirt      
  All images 175 2.04  

(100.0) (5.21)
  1st quartile 44 0.03 0.42

(25.1) (0.03)
  2nd quartile 44 0.23 0.34

(25.1) (0.11)
  3rd quartile 44 0.92 0.25

(25.1) (0.40)
  4th quartile 43 7.10 0.31

(24.6) (8.78)
Green      
  All images 175 0.39  

(100.0) (1.23)
  1st quartile 103 0.00 0.43

(58.4) (0.00)
  2nd quartile4 — — —
  3rd quartile 30 0.03 0.46

(17.0) (0.03)
  4th quartile 42 1.60 0.33

(24.0) (2.10)
Yellow      
  All images 175 8.66  

(100.0) (10.81)
  1st quartile 44 0.39 0.49

(25.1) (0.39)
  2nd quartile 44 2.42 0.33

(25.1) (0.92)
  3rd quartile 44 8.75 0.21

(25.1) (2.46)
  4th quartile 43 23.43 0.49

(24.6) (11.89)
Total5 (non-swab)      
  All images 175 11.10  

(100.0) (13.68)
  1st quartile 46 0.71 0.44

(26.3) (0.61)
  2nd quartile 42 3.68 0.29

(24.0) (1.51)
  3rd quartile 44 11.11 0.27

(25.1) (2.60)
  4th quartile 43 29.44 0.46

(24.6) (15.74)
1Quartile of distribution of material class estimated using k-nearest 
neighbor (kNN) classifier.
2Mean (SD) of proportion of pixels assigned to material class using 
kNN classifier.
3Cohen’s kappa (e.g., inter-rater reliability) computed separately 
among images in each quartile of each material class.
4No 2nd quartile because more than 50% of the images contained no 
green material [i.e., mean (SD) of % green = 0.00 (0.00) for 103 of 175 
images] and as a result fall into the first quartile.
5Total = sum of dirt, green, and yellow material identified in the im-
age.



Journal of Dairy Science Vol. 102 No. 8, 2019

TEAT HYGIENE SCORING RELIABILITY 7501

systems. Subjective assessment of teat-end cleanliness 
is replaced with an objective assessment based on 
engineering measurements with given accuracy and 
reliability. Additionally, a machine-based system can 
provide a nonbiased, reliable method to assess worker 
performance quality and consistency.

While our study established observational- and ma-
chine-based teat scoring reliability, we did not ask raters 
to indicate if a swab image represented an acceptable 
level of remaining teat end debris after cleaning and 
before milking unit attachment. The determination of 
acceptable levels of debris on a swab post teat prepara-
tion is a highly subjective decision based on personal 
experience and preference, and we anticipate consider-
able variation in rater judgements on what constitutes 
an unacceptable degree of remaining debris on a teat 
end before milking. Future comparisons of observa-
tional and machine scoring methods could establish 
unacceptable debris thresholds based on objective im-
age analysis.

It is important to note that measurement reliability 
does not imply measurement validity. In our study, we 
did not measure teat swab bacterial loading, which pre-
cluded the correlation of swab image color pixel counts 
with bacterial types or loads. The exterior of the cow’s 
udder and teats is recognized as one of several sources 
of microorganisms that are naturally associated with 
the skin of the animal as well as microorganisms de-
rived from the environment in which the cow is housed 
and milked (Murphy and Boor, 2010). Future stud-
ies should validate machine-based teat swab scoring 
methods using image analysis against actual teat swab 
bacterial loads. Such validation could provide an ad-
ditional mechanism of correlating worker teat-cleaning 
performance with bulk tank milk quality.

Our findings suggest the utility of machine-based 
rating of teat swab images for the purpose of worker 
performance quality control is promising. However, to 
maximize the likelihood of industry acceptance and us-
age on the farm, there is a need to develop more general 
and efficient image capture and processing methods. 
Digital image analysis technology is now being used 
in other agricultural, field-based applications using 
smart mobile phone technology to quantify turfgrass 
color (Karcher and Richardson, 2003), enumerate 
flower numbers to estimate grapevine yield (Diago et 
al., 2014), and estimate banana ripeness (Intaravanne 
et al., 2012). Sensor technologies using smart mobile 
phones have the potential to enable powerful “lab-on-
smartphone platforms” for important applications across 
industries (Rateni et al., 2017). We envision teat swab 
image analysis technology can be further developed and 
deployed on a smart mobile phone platform for parlor 
worker training and quality control purposes to enable 

efficient, reliable, and objective feedback on worker 
milking performance. As robotic milking is becoming 
more popular in milking facilities, machine-based teat 
cleanliness scoring could also be incorporated into these 
automated milking systems.

Several study limitations should be acknowledged. 
First, a small sample size of 8 raters to assess observa-
tional-based scoring methodology could have resulted 
in wide variability of rater scoring due to rater biases. 
Additionally, front-line parlor managers responsible for 
worker performance supervision were not recruited for 
participation in the observation-based rating evalua-
tion. Second, teat swabs were taken from a single dairy, 
which limited environmental and milking procedure 
conditions to this farm. Data collection took place when 
the dairy had clean, dry housing pens. As a result, we 
were unable to collect teat swabs with higher amounts 
and variability of debris. Third, we used dry, sterile 
gauze pads as a sampling medium to wipe teat ends for 
debris, which may have resulted in incomplete removal 
and ultimate underestimation of residual debris on teat 
ends after cleaning. Wiping with gauze pads moistened 
with sterile, osmotically neutral buffer (e.g., PBS) may 
be more effective in removing residual debris after teat 
cleaning and allow for the assessment of bacterial load-
ing.

CONCLUSIONS

Findings from this study suggest that an observa-
tional-based method of scoring teat swab debris is not 
a reliable approach to evaluating teat cleanliness be-
fore milking. On the contrary, a machine-based rating 
system using digital image processing methodologies 
to objectively quantify type and amount of teat-end 
debris demonstrated near-perfect reliability in our 
study. A machine-based teat swab scoring technique 
may facilitate a more objective comparison of milk-
ing performance across workers. Further development 
of teat swab image analysis, deployed on a mobile 
phone platform, can potentially provide a mechanism 
for objective, accurate, and robust machine-based teat 
cleanliness assessment.
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