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Abstract. With the development of precision livestock farming and the
advances in computer vision, visual animal biometrics has gained atten-
tion. Using biometric technologies that have been proven effective for
humans to identify livestock can increase animal welfare as well as pro-
duction efficiency. However, challenges such as complex scenarios, sim-
ilar appearances, occlusions, and non-cooperative behavior, as well as
the limited amount of publicly available labeled datasets, remain. In
this work, we contribute a novel, publicly available cow face benchmark
dataset that has been collected in a realistic automatic scenario with
6,838 images of 161 different cows at a dairy farm. In addition to the pub-
lic dataset, we define two verification and four identification evaluation
protocols to foster comparable research in the cow recognition research
field. Further, we provide evaluation results on our dataset of six bench-
mark models, which include models trained on limited data, cross-species
fine-tuned models, and zero-shot foundation model approaches.
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1 Introduction
The growing need for high-quality meat and milk, as well as new considera-
tion about animal welfare and sustainable farming procedures, has led to several
innovations to preserve and increase food production standards [10,18]. With
the development of precision livestock farming, the livestock industry has trans-
formed from small-scale subsistence farming toward large-scale optimized and
specialized grazing enterprises requiring advanced management. A major task in
livestock management is the monitoring of farm animals to track physiological,
phenotypical, and health characteristics over time, which requires the identifica-
tion of the monitored individuals [10]. Additionally, core components of success-
ful cattle management, such as cattle selection, genetic improvement breeding,
disease management, and medical treatment, also require the identification of
individual cattle.
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Traditional cattle identification technologies, such as ear tags [14,9] or brand-
ing [1] affect animal welfare crucially and are vulnerable to theft, loss, and fraud,
and cannot ensure an effective recognition [10]. Other solutions, such as Radio
Frequency Identification (RFID) or similar sensor-based wearable systems, have
proven advantages over these methods [26] but suffer from relatively high cost
and limited monitoring distance, making them difficult to deploy in outdoor
farming environments, where environmental conditions, animal mobility, and in-
frastructure constraints further reduce their reliability. Additionally, they can
also be lost, damaged, or stolen.

Another technology that gained attention to identify individual cattle is au-
tomatic visual cattle recognition [10]. Identifying cattle using biometric technolo-
gies that have proven to be effective in identifying humans in varying conditions
allows leveraging and transferring existing knowledge to another application
area. The usage of principles of biometrics, such as treating identification as a
feature extraction and comparison problem rather than a classification problem,
also fits the use case of animal recognition. Typical biometric systems do not need
to be re-trained when encountering newly bred or acquired cattle individuals, as
the features can still be extracted and compared, highlighting the benefits of bio-
metric workflow over traditional image classification. Several unique and stable
biometric modalities have been proposed to be used for visual cattle identifica-
tion, such as face [28,23], body, or muzzle [13]. Of the above-mentioned methods,
cattle face recognition (FR) offers the advantage that it can be performed from
a high distance in a non-intrusive way with a normal camera by utilizing distinct
facial features and skin texture patterns. Several works proposed cow FR in the
past; however, none of them evaluated on a shared evaluation set or following
a predefined protocol, which makes tracking advances impossible. The lack of
publicly available benchmark datasets has been identified as an obstacle [10] in
the area of cow FR. Additionally, current approach heavily rely on small in-
house dataset as large-scale cow face dataset have not been released yet. From a
biometric perspective, it is also important to note that a majority of the works
did not follow established biometric verification and identification protocols but
treated the problem as a classification problem, which limits its usability in a
practical scenario.

In this paper, we contribute a new annotated cow dataset, ReCowGnition,
containing a total of 6,838 images of 161 different cows that have been cap-
tured in a realistic scenario at a dairy farm on multiple sessions. This dataset
is made public along with predefined evaluation protocols. We also developed a
cow face detection and alignment pipeline anchored on the cow muzzle, which
we also made publicly available. Additionally, we provide six different evalua-
tion protocols, enabling future benchmarking of novel solutions in the area of
cow FR. Furthermore, we provide benchmark evaluations following the proposed
protocols using six different solutions of three different categories, trained from
scratch with limited data, fine-tuned cross-species, and zero-shot use of foun-
dation models, all highlighting the challenges of realistic cow FR. The dataset,
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the protocols, and the detection pipeline are available at: https://github.com/
marcohuber/recowgnition/.

2 Related Work
2.1 Cattle Face Evaluation Datasets

To the best of our knowledge, there is no established evaluation benchmark
that allows a fair comparison between different approaches to cattle FR. So
far, existing approaches have been evaluated on small private datasets from the
same farm as the training data. All works used different evaluation protocols,
preventing a meaningful comparison between different approaches and training
datasets. The majority of related works treated cattle FR as a classification
problem, limiting its practical usability in other farms. A comparison of the
used evaluation datasets and our contributed dataset and evaluation scenario is
provided in Table 1.

In [28], a dataset of dairy cow face images has been collected over a period of
two months using mobile devices. In total, they obtained 18,231 images covering
three scenarios, frontal, side face, and occluded faces, and used 3,646 images for
evaluation. The dataset is not publicly available, but the authors shared a subset
of the dataset upon request. CattleFaceNet [23] was evaluated in a classification
setup on a private dataset that was recorded using a frontal camera. The testing
set only contained 232 images of 9 individual cows, and the images were collected
in a single session. Another private, small-scale dataset has been utilized by Wang
et al. [21]. For testing purposes, 122 pictures of 11 different cows of the Simmental
breed had been extracted from videos taken by a smartphone. In [27], a private
dataset of 85,200 cow face images of 1000 different Holstein dairy cows has been
extracted from videos recorded with mobile devices. Out of these, 3,190 images
have been used for testing purposes in a classification setup. Chen et al. [6]
collected two private datasets, with one being taken in a controlled environment
and one in the wild. In total, 6089 images of 274 cows have been taken, and one
half of the images of each cow are used for training while the other half is used for
testing. They evaluate using an identification setup; however, since their testing
setup did not ensure identity separation between training and testing data, the
results might be positively biased. In [22], a dataset has been collected in two
sessions of 50 Simmental cattle and 80 Holstein cows, with 140 images per cow
and with different angles. Out of this dataset, 2,730 images were designated as
testing data, and the results are evaluated as classification. Li et al. [15] collected
295 videos of 103 different Simmental cattle and extracted, in the end, 3,071
cow face images for testing purposes. While the dataset was originally publicly
available, it is not anymore. Another private dataset was collected by Yang et
al. [25] of 2,376 face images of 110 individual cows using a mobile phone camera,
and they used different subsets for evaluating the influence of different factors on
the identification accuracy. Xu et al. [24] also created a private dataset consisting
of images of Holstein cows and utilized 1,108 images for evaluation purposes. For
their research, Bergman et al. [3] collected a private dataset consisting of 7,032
images of 77 Holstein cows, and 1,230 of these images were used for evaluation.

https://github.com/marcohuber/recowgnition/
https://github.com/marcohuber/recowgnition/
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Table 1: Overview of used evaluation scenarios and data in cow FR. Our dataset
nearly doubles the total amount of currently used evaluation images and is made
public. C = Classification, V = Verification, I = Identification
Paper Scenario Eval. Data Breed Public?
Xu et al. [23] C 232 images, 9 cows ? No
Yao et al. [28] C 3,646 images, ? cows ? No
Wang et al. [21] V 122 images, 11 cows Simmental No
Yang et al. [27] C 3,189 images, 1,000 cows Holstein No
Chen et al. [6] I 3,045 images, 274 cows ? No
Weng et al. [22] C 2,730 images, 130 cows Simmental, Holstein No
Li et al. [15] C 3,071 images, 103 cows Simmental Was
Yang et al. [25] I 1,650 images, ? cows ? No
Xu et al. [24] C 1,108 images, 118 cows Holstein No
Bakhshayeshi et al. [2] C, I 375 images, 50 cows Holstein, Jersey Yes
Bergman et al. [3] C 1,230 images, 77 cows Holstein No
Ours I, V 6,838 images, 161 cows Holstein Yes

In addition to these datasets used in a scientific context, [5] provides a public
dataset with incomplete identity labels. We use this dataset with manually added
identity labels to train our cow face detector and cow FR system.

As outlined above, all of the related work evaluates on a private testing
split of their collected data with a limited size. With a different number of
individual cows and different amounts of total images and images per cow, the
achieved results are hardly comparable, making a assignment of the current
state-of-the-art impossible. Additionally, sharing the same recording situation
between training and test data might not represent a practical scenario, as the
achieved results might not transfer to other farms or recording scenarios. To
encourage evaluating in a reproducible, comparable way, we propose our novel
ReCowGnition benchmark.

2.2 Biometric Face Recognition for Cattle
In [28], a cow detection model based on Fast R-CNN is utilized, and a cattle
FR model based on a classification network obtained with Progressive Neural
Architecture Search [17] is proposed. The approach is evaluated in a classifica-
tion setup, also investigating the impact of frontal face view, side face view, and
occlusions. CattleFaceNet [23] is based on a fine-tuned RetinaFace to detect the
cow faces combined with a MobileNet-based classification model trained with
different FR losses, such as ArcFace [8] loss. Since it is developed and evalu-
ated in a classification setup, the provided solution is not scalable as it has to
be re-trained when new cows appear [23]. Wang et al. [21] proposed to use a
VGG-16 network in combination with parameter transfer based on parameters
obtained by training on human faces of the VGGFace dataset, leveraging the
similarity of the human FR and the cattle FR problem. They evaluate in a ver-
ification scenario. In [27], Yang et al. tackle the problem of low-resolution cattle
FR and propose to apply a super-resolution network to increase the resolution
of cow faces. For the classification of the cows, they train a ResNet-50 model
using a private dataset. To perform cattle FR on Angus cattle, Chen et al. [6]
first used a pre-trained Mask-R-CNN to detect the cow faces and then trained
three different deep learning models on their private dataset and evaluated an
identification scenario. However, they did not ensure identity separation between
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the training and testing data. In [22], Weng et al. approach the problem of pos-
ture change in cattle FR with a two-branch classification CNN that takes two
cow face images with different angles to predict the correct cattle. Li et al. [15]
proposed a lightweight solution for cattle FR based on a custom CNN architec-
ture and performed classification on a private cattle dataset. In [25], Yang et al.
proposed a solution based on triplet loss and using RetinaFace as the detection
algorithm. They investigated different identification scenarios, such as occluded
cow faces and different color patterns on the face. An approach based on Mo-
bileFaceNet was proposed by Xu et al [24]. They utilized MobileFaceNet with
additional modules for embedding enhancement and optimization to account for
images with low identity information. Bergman et al. [3] evaluated several deep
learning based approaches, including Vision Transformers, to identify dairy cows
simultaneously using a mixture of identification and classification approaches.

As outlined above, there is a large variety in proposed solutions, and so far,
no approach has been compared with existing works, limiting meaningful com-
parison between approaches and a clear understanding of the state-of-the-art.
Additionally, there is no established evaluation protocol, and several solutions
treat identification as a classification problem, which is usually not the case
in biometric recognition. To approach these issues, we propose, in addition to
our realistic, public dataset, fixed evaluation protocols and benchmark results,
which enable future research to benchmark new approaches consistently against
established baselines.

Fig. 1: Example images from the ReCowGnition dataset. The images show six
different identities with two images from two different sessions. The image shows
the variation in pose, but also the variation in cow facial features and coat
pattern.

3 ReCowGnition: A Realistic Cow Face Dataset
In this section, we describe our cattle FR benchmark in more detail. We start
with describing the video acquisition processes and the cow face detection sys-
tem, CowDetect, which we developed to obtain the final images. Then, we de-
scribe the statistics of the dataset in more detail and elaborate on the challenges
of cattle FR. Some example images of our dataset are shown in Figure 1.

3.1 Video Acquisition
The original videos were recorded at a dairy cattle farm in Germany directly after
the milking process of the cows in five recording sessions on three different days
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using a GoPro Hero11 Black. The camera was mounted at the exit of a walkway
that the animals had to pass through, and recorded the videos autonomously.
Since cows proved to be curious animals, the camera was placed at a distance
and above the usual reach of a cow. The recordings took place at different times
of the day and the camera position varied slightly for each session to increase
variety and reflect different camera locations. All the cows are Holstein Friesian
cows, and some of the cows are related by blood, as the majority have been bred
at the farm. The age range of the cows covers 2 to 7 years, and as the cows are
used for milking, all of them are female. In total, 287 videos were recorded of
161 different cows. The videos were identity labeled by an employee of the dairy
farm with an identity based on the records of the dairy cow farm and identity
markers that are not visible in the videos. Due to privacy reasons, as working
farmers can be seen in the background, these videos will not be made publicly
available. An example frame of the recorded video can be seen in Figure 2.

Fig. 2: Cow Face Detection Pipeline: First, frames are extracted from the
recorded videos. Then, CowDetect detects the cow face and muzzle. Based on
the detected face and muzzle, the image is aligned and cropped.

3.2 Image Preprocessing & Cow Detection System
To obtain a reasonable amount of cow images for testing purposes and to ensure
variation between the images, every 5th frame has been extracted from the video
streams. After the frame extraction, some of the videos have been rotated based
on the recording angle to normalize the head position for the cow face detection
system.

To extract and align the cow face images, a new cow face detection system,
CowDetect, has been developed. CowDetect is based on YOLO-v11n [12] and
has been trained to detect cow faces and cow muzzles. The detected muzzle is
used to align the cow face images by ensuring that the detected muzzles always
appear at the same position. This is done as face alignment has been proven as
a simple technique to increase the performance of FR systems for humans [29].
Usually, for human faces, the eye, nose, and mouth positions are used for align-
ment, but since there is a lack of cow landmark detectors, we utilized existing
muzzle labels and also manually labeled additional data. Starting from a YOLO-
v11n model pre-trained on the COCO dataset [16], the model was fine-tuned on
a subset (6,375 images) of the cow dataset used in [28], directly provided by the
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