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Abstract

Accurate identification of individual cows is essential to
precision dairy farming. While computer vision offers a
non-invasive alternative to ear tags and RFID systems, its
practical deployment remains limited by the need for zero-
shot identification in dynamic herds where test identities are
unseen during training. In this work, we propose OPEN-
CowlD, a unified framework that addresses this chal-
lenge. First, we introduce a stochastic cow coat synthesis
pipeline that efficiently generates large-scale, diverse im-
ages. Second, using the generated large-scale high-quality
data, we present a centroid-guided feature learning strat-
egy that forms a well-structured embedding space using
virtual class centroids, enabling generalization to unseen
identities. OPENCOWID achieves state-of-the-art zero-shot
and open-set identification on real-world cow benchmarks,
without requiring any real labeled training data. This work
contributes to the advancement of automated livestock mon-
itoring, enabling robust, non-invasive identification. Code
is available at https://github.com/neis—1lab/
OpenCowlID.

1. Introduction

Recent Al advances are revolutionizing dairy farming,
where computer vision enables herd management and milk
quality control, improving both efficiency and animal wel-
fare [6, 12, 14].

Just as personalized healthcare begins with identifying
individuals, data-driven decision-making in precision dairy
farming starts with accurately recognizing each cow, which
is a crucial first step toward smarter herd management.
In particular, computer vision-based identification of dairy
cows has gained attention as an efficient and non-invasive
alternative to ear tags or RFID systems. For instance, in
Holstein-Friesian cows, which is the most widely bred dairy
cattle globally [5], identification is typically done by their
distinctive black-and-white coat patterns, which serve as a
primary biometric feature [22]. While such patterns make
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computer vision-based identification promising, practical
deployment remains limited due to the following key chal-
lenges.

Most of the existing approaches [2-5, 11, 19, 25, 28, 30,
33, 38, 40] operate under the closed-set assumption, where
all test identities are assumed to be present during training.
However, this assumption significantly limits their practical
utility in real-world scenarios. In commercial dairy farms,
herd composition is highly dynamic as farmers routinely
cull and introduce animals to optimize production, ani-
mal health, and farm capacity [27, 34]. The limitations of
closed-set identification become apparent when encounter-
ing unknown classes during testing, often requiring retrain-
ing or modifying the model architecture, making closed-set
identification impractical. This motivates the need for open-
set identification, where some test samples have unknown
identities, and zero-shot (disjoint-set) identification, where
train and test sets share no overlapping identities.

Collecting sufficient samples per identity is especially
important for training standard recognition models, and
even more so for zero-shot identification methods, to en-
able generalization beyond the training identities. However,
constructing large-scale, high-quality cow identity datasets
with manual annotations is both costly and labor-intensive,
and no existing dataset provides the necessary scale for this
task. As a result, no existing cow identification methods are
practically applicable to open-set or zero-shot settings.

In this work, we introduce OPENCOWID, a novel frame-
work designed to address both of these challenges through
a unified solution.

Key contributions of this paper are as follows:

We propose stochastic cow coat synthesis—an efficient
image generation pipeline that synthesizes large-scale
cow coat patterns tailored for biometric identification.
This lightweight synthesis strategy effectively bridges the
data gap and serves as an alternative to computationally
heavy generative Al models, enabling scalable zero-shot
identification in open-world scenarios.

We introduce a novel centroid-guided feature learning
framework that constructs a well-structured hyperspher-



ical embedding space through explicit centroid optimiza-
tion, which outperforms the existing learning frameworks
that depend on hard sample mining and implicit class sep-
aration.

We integrate the proposed synthetic data generation
pipeline and novel learning strategy into a unified frame-
work, OPENCOWID, and demonstrate its effectiveness by
achieving state-of-the-art performance on both open-set
and zero-shot settings. The framework achieves cross-
domain generalization and scalability without using any
real labeled data.

2. Related Work

2.1. Computer vision-based cow identification

Individual cow identification based on computer vision
aims to recognize visual cues in cow images to distinguish
individuals within a herd. Among various methods, coat
pattern-based identification [2-5, 11, 19, 25, 28, 30, 33,
38, 40] is the most common. These methods rely on RGB
images of the animal’s back or sides captured from a dis-
tance, making them suitable for non-intrusive, remote iden-
tification. However, these approaches assume a closed-set
identification setting.

Other naturally occurring traits, such as facial features
[7], muzzle patterns [23], and retinal patterns [1], have also
been explored. However, these methods not only assume
closed-set identification but also require highly constrained
or specialized imaging conditions that are impractical for
real-world commercial farms, particularly for moving cows.
Furthermore, all of these approaches rely on well-annotated
training data for individual cows, which is scarce and diffi-
cult to obtain at scale.

2.2. Open-set and zero-shot identification ap-
proaches

To address the limitations of closed-set models, recent
methods have explored open-set identification. In [31, 32],
semantic segmentation and keypoint detection are used to
align cow images to a predefined template, followed by
handcrafted matching with reference cows. While effec-
tive in constrained scenarios, these methods rely on accurate
keypoint detection and handcrafted pipelines.

In [36], cow identification is done through ear tag detec-
tion and text recognition, but is severely limited by camera
placement and tag visibility, which are often unmet con-
straints in real-world barns.

Inspired by human re-identification using contrastive
learning [13, 26, 35], deep metric learning has been ex-
tended to cows. In [5], ResNet-50 is trained using re-
ciprocal triplet and softmax loss to map images into a
feature space, enabling clustering of both known and un-
known cows. In [11], ArcFace loss is used to train a vi-
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sion transformer-based foundation model for zero-shot cow
identification. While this allows for open-set matching, it
still requires real annotated images to extend the model to
unseen identities. In addition, triplet-based training relies
on hard negative mining, which can be challenging to scale
and tune effectively [17, 20, 35].

2.3. Synthetic data generation for identification
tasks

Recent work has explored synthetic data generation for
identity-aware recognition tasks to address the issue of data
scarcity. For instance, [8] uses a diffusion-based framework
that synthesizes identity-conditioned human face images.
In the animal domain, [29] developed finetuning method
for diffusion models for identity-preserving animal image
generation. These methods are resource-intensive, require
large-scale annotated data, and depend on prompt engineer-
ing or identity conditioning to produce identity-aware im-
ages.

3. The OPENCOWID Framework

We introduce OPENCOWID, a novel framework for open-
set and zero-shot cow identification. It comprises three key
components as shown in Fig. 1.

Step 1: Stochastic cow coat synthesis. This novel mod-
ule automatically generates a large, diverse set of syn-
thetic cow coat images. This effectively addresses the
data scarcity problem and supports downstream training.
Step 2: Centroid-guided feature learning. This is a
novel two-step strategy that trains an encoder using the
synthetic data: first optimizing virtual class centroids on
a hypersphere, then aligning sample embeddings to them
via a multi-objective loss.

Step 3: Zero-shot inference using k-NN. Final identi-
fication is performed using k-nearest neighbors (k-NN)
in the learned embedding space, enabling generalization
to closed-set, open-set, and zero-shot settings without re-
training.

In the following subsections, we provide a detailed de-
scription of the above components.

3.1. Stochastic cow coat synthesis

Unlike other vision tasks, no large-scale dataset exists for
cow identification, and manual annotation is costly. To ad-
dress limited samples per individual, our stochastic cow
coat synthesis pipeline (Step 1 in Fig. 1) generates diverse
large-scale training data. To synthesize high-diversity cow
coat patterns, we design a lightweight, fully automated im-
age generation pipeline. It simulates visually realistic cow
coat patterns using a four-stage process: random noise ini-
tialization, spatial smoothing, binary thresholding, and pho-
torealistic postprocessing. This section describes each step
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Figure 1. Overview of the OPENCOWID framework. The pro-
posed pipeline consists of three main components: stochastic cow
coat synthesis, centroid-guided feature learning, and zero-shot in-
ference.
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Figure 2. Example of image generation by the stochastic cow coat
synthesis (Step 1). From a random seed, an image with Gaussian
noise is generated. It is then smoothed, thresholded, and post-
processed to simulate realistic fur color and texture.

in detail, illustrated with corresponding intermediate out-
puts in Fig. 2.

First, we begin by generating a 2D matrix of Gaussian
noise (Step 1a), defined as:

InOiSC(x,y) NN(Oal)v V(x,y),
where I, denotes the initial grayscale image and (z,y)
are the pixel coordinates in the image.

The visual structure of the generated coat patterns is pri-
marily determined by this initial Gaussian noise. By vary-
ing the seed, the pipeline produces a diverse range of dis-
tinct and reproducible coat patterns, each corresponding to
a unique individual identity.

Next, to induce spatial coherence, we convolve the noise
image with a Gaussian kernel in the spatial smoothing step

(D
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(Step 1b):
(2)

where (G, is a Gaussian kernel with standard deviation
o, and * denotes convolution. The smoothing operation
encourages the formation of soft-edged, blob-like struc-
tures. Here, o controls the ‘blobiness’ of the coat pattern
generated—small values produce finer patterns (more frag-
mented), whereas larger values result in coarser blobs.

We binarize the smoothed image based on a threshold T’
that controls the white-to-black pixel ratio (Step 1c):

Ismooth = GO’ * Inoise7

1 if Ismoolh(-ra :U) >T,
0 otherwise.

Ibina.ry(xa y) = (3)

This produces a binary segmentation that approximates the
natural coat pattern of cows. Lower values of 7" yield more
black regions, while higher values produce more white re-
gions in the image.

Finally, the binary image is colorized using a realistic
RGB palette (Step 1d). White and black regions are per-
turbed with controlled noise to simulate cow’s fur texture:

Irgew] = clip(Cyniee + €w, 0,255),
Irgg[b] = clip(Chiack + €5, 0, 255),

“)
®)

where Cypite and Chuck are white and black pixels, respec-
tively, in Iyinary, and €, €, are random pixel-level perturba-
tions. Furthermore, a light Gaussian blur is applied to soften
transitions, simulating cow’s natural hair blending.

Additionally, we apply data augmentation techniques to
each of the synthesized cow coat images to expand the train-
ing dataset, including affine and perspective transforms,
color jitter, and Gaussian blur to enhance robustness and
mitigate overfitting of the model during training. The re-
sulting large-scale and diverse training set is then used to
drive the proposed feature learning framework, described in
the next section.

3.2. Centroid-guided feature learning

In the following centroid-guided learning framework,
Step 2 in Fig. 1, the generated synthetic images are pro-
cessed using an encoder that maps the input images to a
hyperspherical embedding space.

The proposed learning framework trains the encoder
such that it constructs an embedding space where each cow
ID forms distinct and well-separated clusters. The learning
process is driven by two key objectives: 1) maximizing the
spatial separation between class centroids in the embedding
space, and 2) encouraging the formation of compact clusters
for each class.

We describe the two steps of the centroid-guided learn-
ing framework, virtual centroid optimization and multi-
objective encoder training, in the following subsections.



3.2.1. Virtual centroid optimization

To enable identity-aware representation learning, we begin
by defining a set of optimal target positions, termed as vir-
tual centroids, for each identity class in the hyperspherical
embedding space. These centroids act as target embeddings
that guide the learning process. The goal of this step is
to compute these virtual centroids such that they are max-
imally separated from each other on the unit hypersphere,
thereby encouraging high inter-class discriminability.

We first compute initial centroids for each class using
the output embeddings from the untrained encoder. For a
class i, let (e, ea,...,ex) be the set of k sample embed-
dings belonging to that class. The initial centroid Ceygrent (%)
is defined as the normalized mean of the embeddings:

1 k
gzej ’
j=1

where normalization ensures that each centroid lies on the
unit hypersphere, consistent with the L2-normalized en-
coder outputs.

To enforce maximal separation among class centroids,
we optimize their positions by minimizing a pairwise dis-
tance loss defined as:

centrmd - g g

¢i €Ceurrent Cj Eccurrem

(6)

Normalize

Ccurrent ( )

(7

CUC])) » Ci 7& Cj,

where d(-) denotes the cosine or Euclidean distance be-
tween two centroids. Minimizing the negative distance ef-
fectively pushes all centroids away from one another, max-
imizing their spread over the hypersphere.

This optimization is performed only on the centroid vec-
tors and does not involve any updates to the model param-
eters. The gradient descent is applied directly to the cen-
troids, which are treated as free-floating learnable tensors
during this step. The resulting positions constitute the fi-
nal set of virtual centroids Copimal, Which are used as targets
during the feature learning stage that follows.

Fig. 3 illustrates this process as Step 2a, where class cen-
troids initially cluster based on raw features, and are later
redistributed to maximize inter-centroid separation. These
optimal centroids, maximally spaced on the hypersphere,
are frozen and act as references for the next stage of multi-
objective encoder training.

3.2.2. Multi-objective encoder training

With the optimal virtual centroids Copima computed in
Step 2a, we focus on learning an embedding function mod-
eled as the encoder that aligns each sample’s representa-
tion with its corresponding class centroid, while maintain-
ing strong inter-class separation. To achieve this, we design
a multi-objective encoder training pipeline that jointly en-
forces three objectives: (1) alignment of embeddings with
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their class-specific centroids, (2) repulsion from centroids
of other classes, and (3) intra-class compactness of embed-
dings. Together, these objectives guide the encoder to learn
a well-structured and discriminative hyperspherical embed-
ding space. This stage updates the encoder parameters using
the following loss components while keeping the optimal
virtual centroids fixed.

The first component encourages each sample’s embed-
ding to move closer to its class-specific virtual centroid.
This is formalized as:

> d (e,

ecD

£cc;mvergence = optlmal ®)

IDI

where e is the embedding of a training sample, D is the cur-
rent training batch, and Cg ;. is the target virtual centroid
corresponding to the class label of e.

To prevent embeddings from passing near centroids of
unrelated classes during training, we introduce a repulsion
term:

ACrepulsion = Z Z a (9)
eGD c€Coptimal
(’¢C0p(|ma]
which penalizes embeddings that approach non-

corresponding centroids. Since the loss increases rapidly
as distance decreases, this formulation discourages weight
updates in the encoder that could lead to the mingling
of embeddings between classes, thus improving the
separability of the clusters in the embedding space.

To further consolidate samples of the same class, we in-
clude a compactness loss that minimizes the distance be-
tween embeddings of samples from the same class:

ZZdez

eG'D 1€Dy,

(10)

ﬁcompact

where Dy, C D denotes the subset of samples in the batch
that share the same class label as e.
The final loss combines all three components:

Y

£total = aﬁconvergence + ﬁﬁrepulsion + Ecompacb

where « and /3 are hyperparameters controlling the relative
contribution of each objective. The combined effect of the
convergence, repulsion, and compactness objectives leads
to a well-structured, discriminative hyperspherical embed-
ding space. Each class forms a compact cluster around its
optimized virtual centroid, while maintaining clear separa-
tion from other clusters. This step is illustrated as Step 2b
in Fig. 3.

Freezing the optimal virtual centroids obtained from the
virtual centroid optimization step provides a stable target
structure in the embedding space, enabling the encoder to
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Figure 3. Proposed centroid-guided feature learning framework. Synthetic cow coat images are fed into an encoder to obtain initial
hyperspherical embedding space. Virtual centroid optimization maximizes inter-class separation by adjusting virtual class centroids on
the hypersphere (Step 2a). Multi-objective encoder training updates the encoder such that sample embeddings converge to their respective
class centroids while maintaining inter-class separability and intra-class compactness (Step 2b).

focus solely on aligning features to these references. Since surfaces yields spots/stripes, yet tuning PDE parameters to
the centroids are computed to be maximally spaced on the match Holstein-like heavy-tailed blotches is indirect [37].
hypersphere, they already represent the ideal inter-class sep- Exemplar pipelines, such as graph/patch and partition-of-
aration. Allowing them to shift further would not improve unity methods, require source textures, offer limited control
class separability and could instead introduce instability over global pattern-level properties (e.g., black—white area
during training. Moreover, if not frozen, they must be re- ratios, blob sizes, and connected-component structure), and
computed at every iteration, significantly increasing com- are not identity-aware [9, 10]. In contrast, our method ex-
putational cost. Thus, freezing them simplifies optimiza- plicitly targets these pattern properties, is exemplar-free and
tion while preserving maximal inter-class distances. Once identity-aware, and reduces the synthetic-to-real gap Sec. 7
trained, the encoder is capable of generating embeddings through lightweight post-processing. Two interpretable
that are identity-discriminative, even for unseen cows. knobs, ¢ and T, along with the random seed directly con-

trol the generated image. Furthermore, comparing with

3.3. Zero-shot inference using k-NN large generative models (GANSs, diffusion), we note that

After training, we obtain the learned encoder f(-), which they are costly to train and slow to sample, and typically
maps an image to a hyperspherical embedding. Given a need sizable labeled data and careful identity condition-
gallery G = {(27,y;)} of reference images, we compute ing/prompting—challenging at scale for diverse animal ap-
their embeddings g; = f(z?). Given a query image z%, we pearances [8, 16, 18, 29]. Our stochastic coat synthesis
compute ¢ = f(x?) and measure cosine similarity (equal to is a lightweight, exemplar-free alternative: a procedural
the dot product on the unit sphere) s; = (g, g;). We then pipeline that needs no labels, prompts, or real-image con-
select the k most similar neighbors Ay (q) = TopK; s; and ditioning, and can generate thousands of identity-specific
predict the identity by majority vote: samples rapidly.
9 = arg max Z 1ly; =yl (12)
vy o
1€Nk(q)
4. Design Merits of OPENCOWID Framework Our centroiq—guided feature learning explicitly struc-
tures embeddings to improve encoder performance
OPENCOWID framework offers a comprehensive solution while avoiding the drawbacks of contrastive and triplet-
to the challenges of cow identification in real-world set- loss frameworks [5, 13, 35], which depend on an-
tings, notably zero-shot and open-set scenarios. In this chor—positive-negative sampling and hard mining. Instead,
section, we discuss the merits of the novel components in we adopt a two-step strategy: first optimizing virtual
OPENCOWID and how they contribute to its performance. centroids, then clustering embeddings around them with a
Comparison with existing procedural pattern syn- multi-task loss. This approach outperforms existing meth-
thesis methods. Edge/contrast—driven procedural textures ods under the same setup (Sec. 6) and, combined with k-NN
produce crisp detail but lack direct control of connected- inference, enables zero-shot cow identification, addressing
component size or coverage [10, 21]. Reaction—diffusion on the second challenge outlined in the introduction.
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5. Experimental Setup

We describe the experimental setup used to evaluate the
OPENCOWID framework, including details on the datasets,
model architecture, training, and inference procedure.

5.1. Datasets

We use the following datasets to train and evaluate the
OPENCOWID framework.

To obtain training data, we use the stochastic cow coat
synthesis in Sec. 3.1 to generate a large-scale, identity-rich
training dataset. Specifically, we synthesize 300 unique
cow identities, each representing a distinct coat pattern, fol-
lowed by augmentations to synthesize 500 images per iden-
tity. This results in a total of 150,000 synthetic images for
training. An additional 50 identities (i.e., 25,000 images)
are generated for validation, preserving a zero-shot evalua-
tion protocol. Samples from the synthetic training dataset
are shown in Fig. 6(b).

To assess generalization in real-world conditions,
we evaluate on three real-image benchmarks. Open-
Cows2020 [5] comprises 4,736 images of 46 individual
cows (standard test split), and Cows2021 [15] contains
10,402 annotated images of 186 cows. In addition, we
include MultiCamCows2024 [39], a recent multi-camera
dataset consisting of 101,329 images of 90 cows, collected
in a working barn with multiple overhead cameras, intro-
ducing viewpoint, camera, and day-to-day variability.

OpenCows2020 and Cows2021 primarily provide top-
down torso views under diverse indoor/outdoor lighting,
whereas MultiCamCows2024 adds cross-camera evaluation
with greater viewpoint/pose diversity, enabling a broader
assessment of real-world generalization.

Fig. 6(a) shows some samples from these datasets. Im-
portantly, no images from these datasets are used during
training or validation for the zero-shot evaluation protocol.

5.2. Model architecture

As the encoder’s backbone, we employed ResNet-50. Its
output is projected into a 128-D feature space using a fully
connected layer. This architectural choice of the backbone
and embedding dimension follows the baseline model [5],
which uses the same design. It ensures comparability with
prior work and allows us to isolate the impact of our pro-
posed framework, independent of the backbone model ar-
chitecture. By maintaining this consistency, we enable a fair
evaluation of the improvements introduced by our OPEN-
CowlID framework. We also perform ablation studies in
Sec. 7 to compare different backbone architectures.

5.3. Training and inference procedures

For virtual centroid optimization, we initialize the encoder
with ImageNet-pretrained weights and extract the initial
class embeddings using the synthetic training dataset. A
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Figure 4. Open-set identification accuracy (%) of our method and
existing methods [5, 24, 26, 35] across different known-unknown
ratios on the OpenCows2020 dataset. Baseline results are adopted
from [5].

learning rate of 0.1 is used for the gradient descent-based
optimization of centroids for 200 epochs.

For multi-objective encoder training, we use the Adam
optimizer with a learning rate of 1 x 10~° and a batch size
of 64. The hyperparameters « and 3 were selected using a
grid search strategy. We explored a range of values between
0.001 and 0.1 for both parameters on the validation set to
determine their optimal values, which were set to 0.01 and
0.005, respectively. The model is trained for 100 epochs,
with early stopping based on the validation accuracy.

For inference, k is set to 1 for k-NN, selected through
cross-validation, to classify test samples in the hyperspher-
ical embedding space. Cosine distance was used as the
similarity metric, which, due to the embeddings being con-
strained to a hypersphere, yields identical predictions to the
Euclidean distance metric.

6. Experimental Results

We evaluate OPENCOWID on both open-set and zero-shot
identification tasks using real-world cow datasets. These
evaluations assess the framework’s ability to generalize to
unseen identities and compare its performance against es-
tablished baseline methods.

In addition to these primary benchmarks, Sec. 7 presents
ablation studies analyzing the effect of key design choices,
synthetic data alternatives, and the influence of training and
test set sizes on performance.

6.1. Open-set identification results

To ensure a fair comparison with existing open-set cow
identification methods, we isolate the effect of our proposed
centroid-guided feature learning while keeping all other
experimental variables consistent with the baseline [5].



Dataset Baseline OPENCOWID
atase (MegaDesc. [11]) (Ours)
Cows2021 [15] 73.70 84.26-:0.35 (+10.56)
OpenCows2020 [5] 94.15 97.24+0.12 (+3.09)
MultiCamCows2024 [39] 90.53 96.92+0.21 (+6.39)

Table 1. Zero-shot identification accuracy (%) on real datasets.

Specifically, we use the same ResNet-50 backbone and
training data from the OpenCows2020 dataset, without
incorporating our synthetic training data generated us-
ing the stochastic cow coat synthesis module. Following
the baseline setup, the dataset is partitioned into various
known/unknown identity ratios to simulate open-set identi-
fication scenarios. Only the known identities are used for
training, while the test set includes both known and un-
known identities.

Fig. 4 shows accuracy across different openness levels.
We compare against the baseline method, which combines
softmax and reciprocal triplet loss, as well as other standard
contrastive learning strategies [24, 26, 35]. Our approach
consistently yields higher accuracy across most openness
settings, with an average improvement of 3.1%. These
results highlight the effectiveness of our centroid-guided
learning strategy in shaping the embedding space, since all
other experimental variables are the same as the baseline.
Notably, this improvement is achieved without relying on
synthetic data, demonstrating better generalization to un-
seen identities than existing contrastive learning strategies.

6.2. Zero-shot cow identification results

For zero-shot identification, we evaluate OPENCOWID on
two real-world test datasets, Cows2021 [15] and Open-
Cows2020 [5]. We compare our method with a recent zero-
shot identification method, MegaDescriptor [11], which
uses Arcface loss-based metric learning [13] with Swin
Transformer for feature learning.

As shown in Tab. 1, our approach outperforms the base-
line by a margin of +10.56% on Cows2021, +3.09% on
OpenCows2020, and +6.39% on MultiCamCows2024 in
terms of accuracy. These results highlight the effective-
ness of our synthetic training pipeline and the generalization
capability of the centroid-guided feature learning strategy,
even in the complete absence of real training identities.

7. Ablation Studies

We perform comprehensive ablation studies to isolate the
effects of loss components, synthetic data generation strat-
egy, and assess how factors such as the number of test iden-
tities, training samples, synthetic data generation parame-
ters, domain shift, and encoder backbone influence overall
performance.
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Effect of loss function components. We ablate our loss
components on OpenCows2020 with 150 synthetic IDs
(Fig. 5). Lcompact alone performs worst, while Lconvergence
and Liepuision fare better individually but improve further
when combined. The full loss with all three terms achieves
the best accuracy, showing that compactness, separation,
and alignment provide complementary supervision essen-
tial for discriminative embeddings.

Effect of synthetic data generation method. We com-
pare Stable Diffusion (with manual torso cropping) and our
stochastic cow coat synthesis, each trained on 150 syn-
thetic identities and tested on OpenCows2020. Our method
achieves 96.77% + 0.29 accuracy, surpassing Stable Diffu-
sion’s 96.17% + 0.43.

Effect of test set size. We test scalability on
Cows2021 [15], the largest real-world dataset with
186 cows. Trained only on synthetic data, the model is
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(b) With augmentation.

Method FID|{ CORAL-u] CORAL-X|  Accuracy?
No augmentations 1.28 0.66 0.21 80.04
With augmentations ~ 0.89 0.59 0.18 97.24

Table 2. Domain shift analysis (synthetic vs. real), with and with-
out postprocessing and augmentation, and effect on accuracy.

evaluated on growing subsets of unseen cows, averaging
results over 10 random trials. As herd size increases,
accuracy declines but remains robust, showing strong
generalization to large-scale, unseen data (Fig. 7).

Effect of encoder backbone model architecture. We
compare ResNet-50 and ViT (SwinV2-T) as encoder back-
bones. In low-data regimes, ResNet-50 outperforms ViT
(91.57% vs. 89.31%), but with more synthetic data,
ViT steadily improves and approaches CNN performance
(Fig. 8). This shows that OPENCOWID not only supports
scalable learning with diverse synthetic data but also en-
ables using data-hungry architectures like ViT, which are
impractical with limited real annotations.

Synthetic-to-Real Domain Analysis and Effect of
Postprocessing and Augmentations. We analyze the
synthetic—to-real domain gap, quantify how our photore-
alistic postprocessing and augmentation stack reduces it,
and assess the impact on accuracy. Fig. 9 visualizes the
embedding space with t-SNE. Without postprocessing and
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Figure 10. Effect of Gaussian kernel size (o) and threshold (7") on
the synthesized pattern for the same underlying noise. Accuracy
(%) on OpenCows2020 is mentioned on the top-right corner of
each configuration of (o, T).

augmentations (Fig. 9(a)), real and synthetic embeddings
form separated manifolds; realism-oriented augmentations
(Fig. 9(b)) markedly reduce this separation. Quantitatively
isolating the effect of our postprocessing and augmenta-
tion strategy, we observe reduced FID and CORAL scores
showing reduction in the domain gap, leading to a signif-
icant increase in the accuracy of 17.2% (Tab. 2) on Open-
Cows2020 [5].

Effect of synthetic data generation parameters. Fig. 10
visualizes the effect of the synthesis knobs, o and T'. Keep-
ing the training/evaluation pipeline fixed, we sweep (o,
T) and retrain for each setting. Mid-range values o €
[0.15,0.30], T € [0.4,0.6] yield coat patterns that visually
resemble real data and give the best accuracy. Extremes
(very small/large o or T') produce overly fragmented or
overly uniform patches that are less common, hurting gen-
eralization. Per-configuration accuracies are provided at the
top-right corner of each configuration in Fig. 10.

8. Conclusion

We introduced OPENCOWID, a novel framework for open-
set and zero-shot dairy cow identification that addresses two
critical challenges: the need for large-scale annotated data
and the limitations of closed-set assumptions in dynamic
real-world herds. By combining our lightweight stochastic
cow coat synthesis module with a centroid-guided represen-
tation learning strategy, we enable the learning of identity-
discriminative features without any real-world labels. Our
unified approach generalizes well to real-world data and
outperforms previous methods in both open-set and zero-
shot identification settings. Beyond technical advances,
OPENCOWID benefits animal welfare by enabling non-
invasive, accurate cow identification for improved health
monitoring and herd management.
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