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Abstract

Dairy owners invest heavily to keep their animals healthy.
There is good reason to hope that technologies such as com-
puter vision and artificial intelligence (AI) could reduce costs,
yet obstacles arise when adapting these advanced tools to
farming environments. In this work, we applied Al tools to
dairy cow teat localization and teat shape classification, ob-
taining a model that achieves a mean average precision of
0.783. This could then be used as a first step towards automat-
ing and accelerating the detection and treatment of hyperk-
eratosis, mastitis, and other medical conditions that signifi-
cantly burden the dairy industry.

Introduction

The condition of teats in dairy cows is widely used as
a predictor of not just animal health but also milk qual-
ity (A J Seykora 1985). Studies have shown that teat-end
shape is related to a cow’s mastitis resistance (Lojda and
Matouskova. 1976), the somatic cell count and percent 2-
min milk (Seykora and McDaniel 1985).

Traditional teat shape assessment requires close visual ob-
servation. While veterinarians routinely perform this task,
dairy workers in small farms find the task burdensome, re-
ducing accessibility of a valuable predictive tool. On large
farms, the task is simply impractical: thousands of cows
might be present, and managed by a limited number of dairy
workers. This precludes daily examination of cows’ teats
to detect changes that might be early precursors of animal
health issues. Our work focuses on 1) automated and accu-
rate teat shape assessment, and 2) deployment of computer
vision tools on modern dairy farms.

Machine learning (ML) fits well in addressing the dairy
owners’ need for precise and automatic teat-shape related
metrics analysis. While there are existing works about cow
teat classification and identification from a veterinary per-
spective (Mein et al. 2001), no prior works used machine
learning models to identify teat shape. Our project provides
a machine learning solution that includes data collection, la-
beled with expertise knowledge, and trained ML models. We
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experiment with a selection of models to perform the cows’
teat localization and teat shape classification. Our model can
achieve 0.783 Average Precision, and provide results with
graphs like Figure 1 for the users to view the cow’s teat im-
age with the classification results attached. In conclusion,
this digital twin-driven teat localization and shape identifi-
cation for dairy cows opens up new possibilities for advanc-
ing precision agriculture and optimizing dairy management
practices.

Proposed Methodology

To collect training data, we installed a video camera in a ro-
tary milking parlor. The parlor consists of a series of stalls
which the cow enters to be washed and milked, then released
into the main barn. Our camera continuously records video
of the cows’ teat and udder as the parlor rotates. We then ex-
tract keyframes: ML-selected still images in which the teats
are clearly visible. Using keyframe timestamps, we match
the cow’s stall ID and ground truth scoring against the col-
lected images.

Next we train ML models to perform automated teat local-
ization, and then perform teat shape classification within the
selected sub-images. We explore several ML models that can
perform both functionalities within a single model. Faster-
RCNN (Ren et al. 2015) is a two-stage detector, which relies
on a Regional Proposal Networks (RPN) to propose many
potential regions of interest (Rol), and then applies a classi-
fier backbone. YOLO-F (Chen et al. 2021), a modified ver-
sion of YOLO, is a single-stage detector. DINO (Zhang et al.
2022), a modified transformer object detector.

Experimental Evaluation
Datasets

We collected the video datasets from an Upstate New York
dairy farm on February 21st, 2022. The video streams are
collected through a GoPro camera at a perpendicular angle
from the teats. A veterinarian scored the teat shape manually,
following the Seykora and Daniel (Seykora and McDaniel
1985) guidelines. We extract a subset of 1-2 keyframes for
certain cows to obtain a more distinct and detailed represen-
tation of all their teats in the images.

LabelMe, by default, generates one separate JSON file
with the annotation information for each image in our
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Figure 1: (Left) Using LabelMe to draw bounding boxes and precisely annotate cow teats with the scores provided by the
expert veterinarian. (Middle) ML predictions of each teat shape’s score. (Right) A plot of the bounding box train loss vs.

training iterations

dataset. For conversion to the standard COCO object de-
tection dataset format, we adopted a script for aggregating
all annotation information into two JSON files, which align
with the images from the training set and validation set. We
applied a train test split of 85% and 15%.

Experimental Results

We run all our experiments on a platform that contains an
AMD Ryzen 7 5800X3D and a NVIDIA RTX 4090. We use
mean average precision (mAP) as our performance metric.
For COCO datasets, mAP is calculated for Intersection over
Union(IoU) values. The IoU is given by the area of overlap
divided by the area of union in between the ground truth
bounding box and the predicted bounding box. Our dataset
consists of only small-scale objects, whose areas are often
smaller than 32 x 32 pixels. So during training, we focus
on the mAPs. We follow the aforementioned scoring system
and find a total of 4 distinct class labels [1, 3, 7, 8] from worst
to best teat shape conditions.

As seen from Tablel, DINO delivers the best performance
and only consumes around 110% in runtime, compared to
the baselines.

model name | validation mAPs | avg inference time
DINO 0.783 628 ms
YOLO-F 0.634 598 ms
Faster RCNN 0.573 576 ms

Table 1: List of model performance, mAPs stands for the
bounding boxes mean average precision for small objects

Conclusion

We explored teat localization and shape classification us-
ing ML models using a preliminary dataset of 348 images
with 968 objects from 4 distinct classes. We explored dif-
ferent object detectors across various architectures and find
DINO performs the best overall. Our automated digital-twin
approach was shown to yield accurate classifications.
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