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Abstract

Animal re-identification (RelD) matches an individual across non-overlapping
camera views despite changes in scene and viewpoint. It is a component of
automated livestock monitoring, where identifying each animal is necessary
to monitor its health and behavior over time. The available viewpoints
depend on where cameras can be installed, so a camera network may have
to combine very different viewpoints. Knowing which viewpoints give the
best identification accuracy therefore helps decide where to place the cameras.
However, existing cattle datasets do not provide the viewpoint coverage and
annotations needed to measure how viewpoint affects identification.

We introduce Multi-view Oriented Observations (MOO), a synthetic cattle
RelD dataset in which viewpoint is precisely controlled without confounding
factors. It contains 1,000 cattle identities rendered from 128 systematically
sampled viewpoints with exact azimuth and elevation annotations. Cattle are
particularly suitable for this study because their coat patterns are asymmetric
and strongly dependent on viewpoint.

We quantify the influence of viewpoint on identification accuracy and
show that some viewpoints are much more informative than others. Elevation
generalization on cattle is asymmetric, because a model trained on high
elevations transfers downward better than a model trained on low elevations
transfers upward. Below a 30° elevation threshold, limited overlap between
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visible surfaces makes retrieval more difficult. Lateral views perform better
than frontal and rear views, which we attribute to the larger amount of coat
pattern they expose. Higher camera elevations and lateral views are therefore
preferable in this controlled setting.

We then define a benchmark in which matching top and side views
remains difficult even under controlled synthetic conditions. Finally, MOO
pretraining improves zero-shot retrieval on four real cattle datasets and
supervised retrieval on two of them. Its viewpoint annotations let us select
pretraining images that match the target dataset. MOOQO is publicly available
at https://github.com/TurtleSmoke/MOO.

Keywords: Animal re-identification, Viewpoint analysis, Synthetic dataset,
Real-world transferability, Cattle

1. Introduction

Animal re-identification (RelID) matches an individual across non-
overlapping camera views despite changes in pose and viewpoint. It is
a core component of automated tracking for wildlife conservation and live-
stock management, where identifying each animal is necessary to monitor its
health and behavior over time.

For patterned animals, a viewpoint variation changes the perspective
under which the coat markings are observed, so the same pattern can appear
differently across images. We choose cattle as a case study of this problem
because identifying them requires matching asymmetric coat markings, which
are particularly sensitive to viewpoint changes. Cattle monitoring is also
a well-studied application of animal RelD (Andrew et al., 2021; Bergamini
et al., 2018; Gao et al., 2021; Li et al., 2021; Shojaeipour et al., 2021; Xiao
et al., 2022; Yu et al., 2025; Zhao and Lian, 2022).

In practice, the available viewpoints depend on where cameras can be
installed, as shown in Figure 1 with a side camera (01) and a top camera (02).
Their placement is usually constrained by the structure of enclosed spaces
such as barns or by the terrain of natural environments, which can force a
camera network to combine very different viewpoints. The gap is particularly
large when ground and aerial cameras are combined, as in Aerial-Ground
Re-Identification (AG-RelD). A ground camera observes the animal from
roughly its own height and produces a side view, whereas an aerial camera
looks down and produces a top view. A ceiling-mounted fisheye camera covers
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a large part of a barn, so a single image can contain both top and side views.
An animal standing under the camera is seen from above, while one farther
away is seen from a lower elevation. Knowing which viewpoints give the best
identification accuracy therefore helps decide where to place the cameras.

02 Top Camera View
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Figure 1: Camera placement changes the cattle markings available for identification. A
ground camera captures a side view dominated by one flank (01), whereas an overhead
camera captures the back and parts of both flanks (02). Matching these observations
requires relating coat patterns seen under different projections and with different visible
surfaces.

Existing animal RelD methods handle viewpoint changes by learning
viewpoint-agnostic features, normalizing appearance geometrically, or combin-
ing several views (Section 2). However, no existing work measures how much
a given viewpoint change degrades identification, or when each of these strate-
gies should be preferred. Studies on person RelD (Sun and Zheng, 2019) do
not transfer directly to animals, since the asymmetric coat patterns of many
species make their identity cues more sensitive to viewpoint. Measuring this
effect requires exhaustive viewpoint coverage and precise angular annotations
that currently do not exist in any animal RelD dataset.

To fill this gap, we introduce the Multi-view Oriented Observations (MOO)
dataset, a large-scale synthetic benchmark for cattle RelD with precise azimuth
and elevation annotations. We first describe how the dataset is built and how
its acquisition conditions are controlled, which provides the basis for studying



viewpoint without confounding factors (Section 3). We then measure the
effects of elevation and azimuth (Section 5). Based on this analysis, we define
benchmark scenarios and evaluate how difficult they are for a baseline model
(Section 6). Finally, we test whether features learned on MOO transfer to
real cattle datasets (Section 7).

Our contributions are as follows:

o We present the MOO dataset, a large-scale synthetic benchmark for
patterned animal RelD with precise azimuth and elevation annotations.

o We provide a systematic quantification of the impact of elevation and
azimuth on patterned animal RelD, identifying a 30° elevation angle as
a key threshold for generalization and a gap between lateral views and
frontal or rear views.

o We define a benchmark with three training configurations and five
query-gallery scenarios in which viewpoint is the central difficulty.

o We demonstrate that MOO serves as a pretraining source for real-world
cattle datasets in both zero-shot and supervised scenarios.

2. Related Work

Most work on viewpoint changes in RelD focuses on people and does not
always transfer to patterned animals. This section examines how animal RelD
methods handle viewpoint changes and whether existing datasets support a
systematic study of their effect.

2.1. Viewpoint Handling in Animal Re-Identification

For humans, some discriminative cues are viewpoint-invariant, such as
clothing color, which is mostly unaffected by rotation. For animals, identity
is carried by coat patterns, whose projection on the image plane changes
significantly with viewpoint. Existing methods deal with this by learning
viewpoint-agnostic features, normalizing appearance geometrically, or com-
bining several views.



2.1.1. Learning viewpoint-agnostic features

The first strategy avoids modeling viewpoint explicitly and instead focuses
on features that change little with it. Deep metric learning imposes this
invariance through the loss by pulling images of the same individual together
and pushing images of different individuals apart (Zhao et al., 2022; Zhao
and Lian, 2022). Local representations pursue the same goal by restricting
the information encoded by the model. They either combine global and local
branches (Chen et al., 2022), aggregate whole-body patterns (Nepovinnykh
et al., 2024, 2025) or focus on a discriminative region such as the muzzle,
flank, or head (Dac et al., 2022; Shojaeipour et al., 2021).

Both approaches learn this invariance from the data alone, without any
viewpoint supervision. In doing so, they may also discard viewpoint-specific
cues that would still identify an individual if exploited correctly.

2.1.2. Geometric normalization

Instead of discarding viewpoint-specific cues, geometric normalization
transforms the observed appearance into a canonical space. It uses the
animal’s geometry to map each observation into a common space that is
independent of viewpoint and therefore comparable across views. For example,
Hiby et al. (2009) use a 3D model to project a tiger’s stripes onto a flat texture
map, while Algasov et al. (2025) estimate surface normals to unwrap a seal’s
pelage pattern into a canonical 2D representation.

This explicit normalization comes at a practical cost because it requires a
3D model of the individual or an estimate of its surface geometry, which is
difficult to obtain for many species.

2.1.3. Multi-view aggregation

When geometry is unavailable, several observations can instead provide
the information that may be missing from a single view. Multi-view methods
combine these observations into a single representation that is more complete
and more robust to viewpoint changes. They typically use multiple networks
to learn from complementary regions (Li et al., 2024) or from frontal and
lateral views of a cow’s face (Bergamini et al., 2018).

Learning the relationships between views is complex and requires many
training samples, which makes these methods less common than the preceding
ones. Their use also depends on several observations or a multi-camera setup
at inference time, which is not always practical.



2.1.4. Summary

These three strategies show that viewpoint is widely recognized as a major
challenge in animal RelD. Each represents a different set of assumptions and
trade-offs regarding supervision, model complexity, and acquisition constraints
at inference time. Yet, none of these works measures how much a given
viewpoint change actually affects RelD performance, nor the conditions under
which each strategy becomes preferable in practice. Such an analysis exists
for humans (Sun and Zheng, 2019), but its findings do not transfer directly
to animals because many species have asymmetric coat patterns, making
their identity cues more sensitive to viewpoint. Providing this analysis for
animals is therefore essential to guide end-users toward the right strategy, and
it first requires a dataset that captures viewpoint variation in a controlled
and exhaustive manner.

2.2. Datasets for Animal Re-Identification

To perform a systematic analysis, a dataset must provide enough data
coverage to isolate the effect of interest and enough annotation to measure it.
In practice, an animal dataset collection is constrained by a trade-off between
control and diversity. On the one hand, restricting animal motion or camera
placement makes viewpoint easy to annotate, but reduces the generality of
the dataset and the diversity of viewpoints. On the other hand, allowing
animals to move freely is more realistic, but makes viewpoint annotation
difficult. Having a good balance is key to studying the effect of viewpoint on
RelD performance.

2.2.1. Cattle datasets

Cattle datasets sit at the controlled end of this trade-off. Because they are
often collected in barns with few individuals, controlling camera placement
or the animal’s motion is an effective way to compensate for this limited data
and simplify identification. The most common setup is either a top-down
camera that can capture both flanks simultaneously (Andrew et al., 2021; Gao
et al., 2021; Xiao et al., 2022; Yu et al., 2025) or lateral cameras that capture
one flank at a time (Li et al., 2021; Zhao and Lian, 2022). Some datasets avoid
whole-body correspondence by focusing on a small but distinctive region, such
as the muzzle (Shojaeipour et al., 2021) or the face from frontal and lateral
views (Bergamini et al., 2018).

Although these controlled setups enable high identification accuracy and
simplify viewpoint annotation, they impose strong assumptions on the camera
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placement and the animal’s motion. Restricting an animal’s movement is
both impractical in many monitoring scenarios and detrimental to its welfare.
A recent dataset samples a wider range of orientations where the animal
is free to move (Perneel et al., 2025), but this sampling remains far from
exhaustive.

2.2.2. Wildlife datasets

Wildlife datasets sit at the opposite end of this trade-off, since they try to
capture animals in their natural habitat without any interference. To do so,
they often use camera traps or unmanned aerial vehicles (UAVs) to record
animals in their daily lives, which produces a wider range of viewpoints than
controlled setups. As a result, they usually contain more diversity, as seen
in datasets for tigers (Li et al., 2020), zebras and giraffes (Parham et al.,
2017), and leopards (Botswana Predator Conservation Trust, 2022). Some
datasets and methods also restrict the viewpoint to a distinctive region, such
as sea-turtle heads (Adam et al., 2024) or the belly spot patterns of manta
rays (Moskvyak et al., 2020).

Although these datasets cover more diverse viewpoints, that diversity
comes with confounding factors such as occlusion, illumination changes,
and background clutter. Because the animals move freely, the viewpoint
distribution is uncontrolled and biased toward the most frequently observed
orientations. The deeper obstacle is coverage, since an uncontrolled acquisition
rarely observes every viewpoint of every individual, which a systematic study
of the effect of viewpoint requires.

2.2.3. Synthetic datasets

Synthetic datasets could in principle capture a wide range of viewpoints
while providing precise annotations, but at the cost of image realism. Synthetic
data is already established for animal pose estimation (Bonetto and Ahmad,
2026; Jiang et al., 2022) and for segmentation (Mu et al., 2020; Peng et al.,
2024), but it remains rare in RelD. To our knowledge, the only example is the
dataset of Picek et al. (2026), which contains both real and synthetic images
of lynxes, but provides no viewpoint annotation.

2.2.4. Summary

A systematic analysis of viewpoint in animal RelD requires a viewpoint
coverage wide enough to isolate its effect and viewpoint annotations precise
enough to measure it. None of these datasets satisfies both conditions. Cattle



datasets offer control and annotation, but their viewpoint diversity is limited.
Wildlife datasets offer diversity, but their viewpoint is uncontrolled and only
coarsely annotated. Synthetic datasets could satisfy both, yet the only RelD
example provides no viewpoint annotation. The datasets reviewed here do
not provide the combined viewpoint coverage and annotations needed for the
controlled analysis described in Section 2.1.

Table 1 compares MOO with existing wildlife and cattle datasets.

Species Dataset IDs Images View Synth. Uncorr. Annotation
ATRW (Li et al., 2020) 92 3,649 Lateral o .

SeallD (Nepovinnykh et al., 2022) 57 2,080 Lateral o .

Wildlife SeaTurtleID2022 (Adam et al., 2024) 438 8,729 Lateral o . Head orient.
Nyala Data (Dlamini and van Zyl, 2020) 237 1,942 Lateral o . Left vs Right
LeopardID2022 (Botswana Predator Conservation Trust, 2022) 430 6,795 Lateral o . Left vs Right
CzechLynx (Picek et al., 2026) 319 39k Lateral . .
Multi-views Embedding (Bergamini et al., 2018) 439 17,802 Lateral o o Front vs Side
OpenCows2020 (Andrew et al., 2021) 46 4,736 Top o o
Cows2021 (Gao et al., 2021) 182 13,784 Top o o
MuzzleCows (Shojaeipour et al., 2021) 300 2,900 Face o .

Cattle Dairy Cows 2021 (Li et al., 2021) 13 1,485 Lateral o .

) MVCAID100 (Zhao and Lian, 2022) 100 4,073 Lateral o o

Cows Stall Barn (Xiao et al., 2022) 48 8,640 Top o o
MultiCamCows2024 (Yu et al., 2025) 90 101,329 Top o o
CoBRA RelD (Perneel et al., 2025) 48 11,438  Top o o Az.
MOO 1,000 128,000 All . . Az. & El

Table 1: Animal RelD datasets compared by scale, viewpoint coverage, and annotation.
IDs gives the number of individuals. Synth. indicates synthetic images and Uncorr.
indicates independent frames rather than video sequences. Filled circles mean yes and
open circles mean no. Az. and El. denote azimuth and elevation labels. Named views
denote categorical annotations, and blank cells indicate no reported viewpoint annotation.

Compared with these datasets, MOO has more individuals and images,
a larger viewpoint coverage, and more precise viewpoint annotations. Fur-
thermore, its controlled setting allows us to isolate the effect of viewpoint on
RelD performance, which is not possible with existing datasets.

3. The MOO Dataset

To isolate the effect of viewpoint in patterned animal RelD, MOO priori-
tizes control over photorealism. While photorealistic images would introduce
the confounding factors found in real data, control is what lets us attribute a
performance change to the viewpoint alone.

3.1. Building the Individuals

We designed the generation pipeline in Figure 2 to create distinct cattle
identities while controlling every factor other than coat pattern and viewpoint.
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Our pipeline combines procedural texture synthesis (Figure 2, 01), texture
mapping (02), and controlled rendering (03) to produce the animals, their
images, and the associated metadata.
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Figure 2: Generation of MOO identities and observations. Procedural coat textures (01)
are mapped on the UV surface of a cow mesh (02). This mesh is then rendered from
different camera positions to produce RGB images, depth maps, and metadata (03).

Cattle mesh. We use the same realistic 3D mesh (TurboSquid, 2017) in a
neutral standing pose for every cow. This fixed geometry removes pose and
shape variations that could become discriminative and confound the viewpoint
analysis. The mesh is also UV-unwrapped to produce a 2D representation of
its surface, which is used to map the texture onto the 3D geometry.

Texture generation. To create distinct identities on this fixed mesh, we gen-
erate coat patterns with a procedural synthesis framework (Dumery, 2021).
This framework generates cumulative noise patterns that are thresholded to
produce black-and-white texture maps, which we recolor to brown and white
to reproduce common cattle coats. The discriminative cues are therefore the
density, size, shape and spatial arrangement of the blobs across the coat.

Texture mapping. We map each generated 2D texture onto the 3D mesh
using its UV coordinates, which associate locations in the texture with the
3D surface. We leave the hooves, eyes, udders, and tail untextured, since real
cows rarely carry markings there.



3.2. Rendering the Images

With each individual built, we can render it in Blender (Blender Online
Community, 2024) under near-uniform lighting and vary the viewpoint be-
tween images. This lighting reveals the mesh geometry without casting strong
shadows that a model could exploit. For the same reason, images have no
rendered background, and a foreground mask isolates the cow in each one.
Together, these choices prevent the scene from carrying identity information
that may bias the model (Picek et al., 2024; Tian et al., 2018; Yu et al., 2024).

The camera position is set by an azimuth angle ¢ and an elevation angle
f. The camera stays at a fixed distance r from the cow, so the whole animal
remains in frame at the same scale for every angle. Figure 3 illustrates
this coordinate convention (01) and the renders obtained from four camera
positions (02).

01 Camera sphere 02 Camera views

View B

, View A \ \
View C 1Y ‘i: & Camera View A Camera View B
g Y

o "4

:
3

f® Camera Reference ‘\\.Camera View C

- "\k
w . X i
o AR
2 < >

s Camera
Cv v Reference

Figure 3: Spherical coordinate system in MOO, with azimuth ¢, elevation 6, and radius
r illustrated for Camera A (01). The elevation 6 measures Camera A’s angle above the
equatorial plane, while the azimuth ¢ measures its horizontal rotation from the reference
direction. The reference view and views A, B, and C (02) illustrate how changing camera
position changes the projection of the cow’s coat.

We sample 16 azimuths uniformly over ¢ € [0°,360°) and 8 elevations over
0 € [—20°,85°], where (0°,0°) is the lateral view of a cow facing left. The
full azimuth range supports a systematic analysis, while the elevation range
spans views from slightly below the body, as with low cameras in barns or
corridors, to top-down views from ceiling cameras or drones.

Finally, random jitters of £10° in azimuth and £5° in elevation prevent
the discrete sampling grid from becoming a shortcut for the model. They
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also simulate continuous variation and extend the effective elevation range
to [—25°,90°]. The resulting dataset contains 128 images of each of the
1,000 individuals, for a total of 128,000 images at 512 x 512 pixels. Figure 4
illustrates the partitions defined in Section 5.1 with an example of camera
shift, and Figure 5 shows one individual on the 8 x 8 grid of partition centers.
The example renders of both figures omit the £10° azimuth and £5° elevation
jitters for clarity.

3.3. Metadata

Alongside each RGB image, the rendering process produces a segmentation
mask, a depth map, and the metadata needed to select and analyze viewpoints.
While the mask isolates the animal, the depth map exposes its geometry,
which can be used as an additional cue for RelD itself or for geometric tasks
defined on the same samples.

Each image records its exact azimuth ¢ € [0°,360°) and elevation 6 €
[—25°,90°] after jitter. Semantic labels also give a coarse direction, such as
“front-right” or “top-front-right”, among 8 azimuth sectors of 45°. Spatial
metadata includes the camera position (z,y, z) in world coordinates and the
homogeneous transformation matrix containing its rotation and translation.
It is completed by the intrinsic and extrinsic matrices of the camera used for
rendering.

Together, the semantic labels and precise camera parameters allow both
deployment-oriented protocols and a fine-grained viewpoint analysis.

3.4. Training and Test Identities

We divide the dataset into 500 identities for training and 500 for testing,
with no identity shared between them. This identity split is common to the
viewpoint analysis and the benchmark. Within it, we select images by angle
to form the atomic partitions of Section 5.1 and the deployment-oriented
groups of Section 6.1. Query and gallery sets are always disjoint. In the
atomic analysis, each test partition is split into a query set and a gallery
set, so query and gallery images always come from the same partition. The
deployment-oriented groups split the elevation range at the 30° threshold
identified in Section 5.2. Side contains images below 30°, Top contains images
at or above 30°, and Top-Side contains both Top and Side images. For the
Side, Top and Top-Side groups, the test images of each identity are divided
in half, one half for the query set and the other half for the gallery set.
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4. Experimental Setup

4.1. Re-Identification Baseline

Following common practice among state-of-the-art RelD methods, we
use the Vision Transformer (ViT) Bag of Tricks (ViT-BoT) architecture (He
et al., 2021) without overlapping patches as the backbone of our baseline.
The ViT divides the image I; into non-overlapping patches of 16 x 16 pixels
and projects each one into a token. Following Dosovitskiy et al. (2021), a
learnable class token is placed in front of these patch tokens, and a learnable
positional embedding is added to every token. After the final transformer
layer, only the class token is kept as the identity feature z; used to compare
images. The backbone is initialized from a ViT (Dosovitskiy et al., 2021)
pretrained for image classification on ImageNet-21k (Deng et al., 2009), and
then fine-tuned on the RelD dataset.

Training the baseline requires a training set {(I;,y;)} of images I;, each
associated with an identity label y; among the C training identities. The
label y; supervises an identity loss and a triplet loss, which together shape
the identity feature z;. The Batch Normalization Neck (BNNeck) introduced
by Luo et al. (2019) creates a second version h; = BN(z;) of the class token,
where BN denotes batch normalization. A linear classifier converts h; into
one score for each of the C training identities, and a softmax turns these
scores into probabilities p;(y). For a mini-batch of B images, cross-entropy
gives

B
Liq = —; > log pi(yi)- (1)
i=1
Following Hermans et al. (2017), the triplet loss is applied to the identity
feature z; with PK sampling, choosing P identities and K images per identity,
giving a batch size of B = PK images. Distances between features are
measured by the Euclidean distance D(u,v) = ||u — v||. For each anchor z,
in the batch, batch-hard mining selects the farthest feature z; from another
image of the same identity and the nearest feature z, with a different identity.
Following TransReID (He et al., 2021), we use its soft-margin form

Lo = 5 D tog (14 exp (Dl 20) — Dl ). ®)

The two terms are combined as £ = Lig + ALy, with A = 1. At inference,
the classifier, BNNeck, and h; are discarded.
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4.2. Implementation Details

Images are resized to H x W = 256 x 256 pixels, and training lasts 120
epochs. We use stochastic gradient descent (SGD) with momentum 0.9,
weight decay 107%, and a base learning rate of 0.008 under cosine decay, after
a linear warmup over the first 5 epochs. We use a batch of size 128, retaining
4 images per identity, so each batch contains 32 different identities. For the
MOO experiments, the linear identity classifier has C' = 500 outputs, one per
training identity, and for the supervised transfer, C' is the number of training
identities in the target dataset. The training augmentations used here are
random cropping and horizontal flipping. We keep horizontal flipping for
consistency with common practice and examine its interaction with azimuth
in Section 5.3.2. At test time, each image is represented by its feature z;, and
for each query, gallery images are ranked by increasing Fuclidean distance
to the query feature. We report the mean Average Precision (mAP) and the
rank-1 accuracy computed from this ranking.

5. Isolating Elevation and Azimuth

To distinguish the effects of camera elevation and azimuth around the
animal, we first compare elevation partitions that each contain every azimuth,
then azimuth partitions that each contain every elevation. This separates
the effect of elevation from that of azimuth under the controlled appearance
conditions of MOO.

5.1. Atomic Viewpoint Partitions

Azimuth partitions. The 16 rendered azimuths form 8 semantic partitions
separated by 45°; covering left, front-left, front, front-right, right, back-right,
back, and back-left. Left and right name the flank of the animal that faces
the camera, so the reference view (0°,0°) shows the left flank. Each azimuth
partition contains all 8 sampled elevations, including their jitter. Restricting
azimuth does not restrict the camera to a specific height, but only to a specific
side of the animal. In Figure 4, the red line (01) marks one azimuth partition
center, the surrounding band shows its jitter across all elevations, and the
inset (03) shows the 8 azimuth partitions seen from above.

Elevation partitions. The 8 rendered elevations define disjoint partitions
centered at 0 € {—20°,—5°,10°,25°,40°,55°,70°,85°}, each with a jitter of
+5°. Each elevation partition contains all 16 sampled azimuths, including
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their jitter. Restricting elevation does not restrict the camera to one side of
the animal, but only to a specific height above the ground. In Figure 4, the
blue line (02) marks one elevation partition center, and the surrounding band
shows its jitter across all azimuths.

Figure 5 shows one individual rendered at the center of every elevation
and azimuth partition.

01 Atomic Azimuth
Partitions

02 Atomic Elevation
Partitions

Figure 4: Schematic viewpoint partitions used to separate elevation and azimuth effects
in MOO. An azimuth partition (01, red) restricts the side of observation while retaining
all elevations, and an elevation partition (02, blue) restricts camera height while retaining
all azimuths. The bands illustrate angular variation within a partition, and the example
renders show top and side observations. The inset (03) shows the 8 azimuth partitions
seen from above, labeled front (F), front-right (FR), right (R), back-right (BR), back (B),
back-left (BL), left (L), and front-left (FL).

5.2. The Impact of Elevation

We begin with elevation, using the 8 partitions previously defined and
retaining for each the full azimuth range in training, query, and gallery sets.
A training configuration is denoted by #°, where 6 is the central elevation of
its partition.

5.2.1. Training on a single elevation

To establish how sensitive a model is to its training elevation, we train
one model on each partition and test it on all eight. Within each test, query
and gallery images come from the same elevation. The query-gallery relation
is therefore fixed, leaving the gap between training and test elevations as the
only varying factor.
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Figure 5: One MOO individual rendered at the center of each viewpoint partition. Rows
are the 8 elevation partitions and columns are the 8 azimuth partitions. This illustrative
example omits the jitter applied to the dataset images, so each render sits exactly at its
partition center.

Figure 6 reports the result. As expected, each model performs best
on its training partition, and performance decreases as the elevation gap
widens. More importantly, this decrease is asymmetric because training
below the inference elevation causes a much larger loss than training above
it. Thus, models trained at high elevations generalize downward better than
low-elevation models generalize upward.

A second trend accompanies this asymmetry, as higher test elevations
also perform better in absolute terms, which we attribute to their greater
visibility of both flanks. Single-elevation experts perform substantially better
in the partitions centered at 40° and above. We therefore use 30°, the upper
edge of the lower group, to define the benchmark split. Above it, enough of
both flanks is visible for matching, while below it self-occlusion does not leave
enough common cues between images taken from opposite azimuths.

5.2.2. Training on cumulative elevation ranges

The single-elevation experiment shows the benefit of specialization, but a
deployed model must usually cover more than one camera height. We there-
fore train on cumulative elevation ranges, either from the highest elevation
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Figure 6: Generalization from one training elevation to the eight MOO test elevations.
Each colored curve is a separately trained model. Angular positions identify the test
elevation and radial distance gives mAP in percent. At each position, query and gallery
share the same elevation partition, and training and evaluation retain all azimuths.

downward (Figure 7, 01) or from the lowest upward (02). The notation 65, to
0, gives the first and last partitions in each range.

The wider training ranges improve coverage of test elevations, although
their performance remains below the corresponding single-elevation experts
at many test elevations. Moreover, the descending ranges (Figure 7, 01)
confirm the 30° threshold because once lower elevations enter the training
range, performance on higher views noticeably decreases.

If the model learned to use the animal’s geometry to project observed
patterns into a canonical space, this could help it retain the accuracy of
single-elevation experts across elevations. Instead, the lack of generalization
suggests that adding viewpoints alone does not make this baseline learn such
a geometric representation.

5.2.3. Training on all elevations

To confirm this limitation, we compare a model trained on all elevations
with the single-elevation expert of each elevation. As Figure 8 shows, the
all-elevation model falls short of these experts. It still generalizes better across
viewpoints than a model trained on a single elevation, as the cumulative
results of Figure 7 show. Covering every elevation thus helps generalization
but does not match a specialized expert at each elevation.
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Figure 7. mAP on MOO as training expands from high to low elevations (01) or low to
high elevations (02). Each colored curve uses the inclusive range of elevation partitions
named in the legend. Angular positions give test elevation and radial distance gives mAP in
percent. Query and gallery share the test partition, with all azimuths retained. The black
curve labeled “Single-Elevation Experts” combines the measured results of the separately
trained single-elevation models and is an empirical specialization reference.
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the vertical axis gives mAP in percent. Query and gallery use the same elevation partition
and retain all azimuths, exposing the loss of specialization when one model must cover
every elevation.

17



5.8. The Impact of Azimuth

To study azimuth, we train models on the four cardinal partitions (left,
right, front, and back) and evaluate them across all eight azimuth partitions
defined in Section 5.1. The all-directions model in Figure 9 provides a
reference trained across the complete azimuth range. Each azimuth partition
contains all eight elevations in training, query, and gallery sets. As before,
each evaluation uses query and gallery images from the same partition, so
the analysis isolates the relation between training and test azimuths.

5.3.1. Lateral versus frontal and rear views

The results of these models are reported in Table 2 and Figure 9. They
show a clear gap between lateral views (left and right) and frontal and
rear views. Training and testing on lateral views yields at least 0.98 mAP,
while the same lateral models reach at most 0.17 on frontal and rear views.
Averaged over the eight test partitions, lateral training reaches about 0.64
mAP, compared with about 0.44 for frontal and rear training.

Query and gallery use the same azimuth partition, but how much visible
surface two of their views share still depends on the partition. Within a
lateral partition, a change in azimuth moves the camera along the same flank,
so each view shows mostly the same coat region from a slightly different angle.
Within a frontal or rear partition, the same change in azimuth can expose the
left side of the animal in one view and the right side in another, so two views
of the same cow share less visible surface. The amount of pattern on the
visible surface also matters. A lateral view shows one full flank, which carries
most of the coat markings. In contrast, a frontal or rear view mostly captures
the head, chest or hindquarters, where the texture carries fewer markings and
excludes regions such as the udders and tail (Section 3).

5.3.2. Horizontal flipping and lateral views

Because cattle coats are asymmetric, horizontal flipping may interact with
the azimuth partitions in a non-trivial way. Indeed, a flipped left flank has
the orientation of a right view but shows a pattern that no real right view of
the same cow would have. A model trained on one flank also sees the other
orientation during training, which may explain why the left and right rows of
Table 2 are almost identical. To measure this effect, we repeat the azimuth
training with and without flipping, and compare both settings in Table 3.
Without flipping, a left-trained model reaches 0.99 mAP on left views and
0.96 on right views, and a right-trained model is symmetric. When flipping is
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Test Right Left Front Back | Average
Train
Right 0.98 099 0.16 0.15 0.63
Left 099 0.99 0.17 0.16 0.65
Front 042 042 0.62 0.24 0.40
Back 0.50 051 029 0.75 0.48

Table 2:  Azimuth generalization on MOO, with training partitions in rows and test
partitions in columns. Query and gallery share the test azimuth partition, and all partitions
retain every elevation. mAP is reported on a 0-1 scale. Average covers all eight test azimuth
partitions, including the intermediate directions absent from the table. Bold marks same-
partition evaluations and the highest average.
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Figure 9: mAP across eight test azimuth partitions for models trained on right, left,
front, back, or all directions. Solid curves show performance per test partition, and dashed
horizontal lines show each model’s mean across partitions. “All Directions” denotes training
across the full azimuth range, unlike the four models trained on one partition each. Query
and gallery share the test azimuth partition, with all elevations retained. The vertical axis
uses a 0-1 scale.
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removed, the results are very similar, so the horizontal flipping augmentation
seems to have no effect on lateral training.

Train HFlip Right Left Front Back

098 099 0.16 0.15
099 095 0.17 0.16

v 099 099 0.17 0.16
0.96 099 0.17 0.16

Right

Left

Table 3:  Azimuth generalization on MOO for lateral training with and without horizontal
flipping. Query and gallery share the test azimuth partition, and all partitions retain every
elevation. mAP is reported on a 0-1 scale.

5.4. Summary

On cattle, elevation has an asymmetric effect, since models trained at high
elevations generalize downward better than low-elevation models generalize
upward. A threshold near 30° separates views that reveal enough of both
flanks for reliable matching from views where self-occlusion leaves few common
surfaces. For azimuth, we observed a gap between lateral views and frontal
or rear views, which we attribute to the amount of visible surface shared
between query and gallery images and to the amount of coat pattern this
surface carries. Training on several viewpoints improves coverage but does
not recover the accuracy of a specialized model at each viewpoint, possibly
because this baseline does not learn a geometric representation of the animal.
These results motivate the benchmark scenarios of the next section, which
aim to evaluate RelD methods on their ability to handle viewpoint changes.

6. The MOO Benchmark

The elevation analysis of Section 5.2 shows that elevation is a major
factor of difficulty, with low and high elevations behaving as two distinct
matching problems that a model does not easily bridge. We therefore split
the elevation range into a Side group and a Top group, so that each problem
can be evaluated on its own and in combination with the other. Matching
across the two groups is where the difficulty should arise, because query and
gallery images then come from the two different problems, and training on
a single group leaves the other one unseen. The resulting scenarios give a

20



common basis for comparing RelD methods on their ability to generalize
across viewpoint changes.

6.1. The Primary RelD Split

The primary split divides the dataset at the threshold identified in the
elevation analysis. Side contains images below 30°, Top contains images at or
above 30°, and Top-Side is their union. The training configurations are Side
only, Top only, and Top-Side, always using the same 500 training identities.

For the 500 test identities, we define the five query — gallery scenarios in
Table 4. The scenario describes the query and gallery ranges independently
of the training configuration. Each of the three training configurations is
evaluated on all five scenarios. In particular, same-range evaluation means
that query and gallery share an elevation range, even when the model was
trained on another range. The cross-view scenarios test whether the model
can match an individual despite the change in perspective, while the mixed
scenario includes both same-range and cross-view matches.

Setting Query  Gallery

Same-range Side Side
Same-range Top Top
Cross-view  Side Top
Cross-view  Top Side
Mixed Top-Side Top-Side

Table 4: Five query-to-gallery scenarios of the MOO benchmark. Two scenarios are
same-range, two are cross-view, and one is mixed.

These scenarios also correspond to real monitoring setups. For example, a
ceiling-mounted fisheye camera captures top views of animals directly below
it and more lateral views of animals farther away. The benchmark can be
used to compare models for deployment in such a system.

6.2. Same-View Evaluation

Table 5 reports mAP and rank-1 accuracy for the three training config-
urations across all five query-gallery scenarios. We first examine the two
same-range scenarios, Side — Side and Top — Top. Training on top views
reaches 99.6% mAP on Top — Top when all images have an elevation of at
least 30°. This result supports the threshold found on the atomic partitions,
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where views between 30° and 90° contain enough overlapping content for
reliable matching. The same does not hold for Side — Side, which reaches at
most 42.2% mAP because each image shows only one flank. Rank-1 accuracy
reaches 99.7% for side-only training on Side — Side, compared with 100% for
top-only training on Top — Top. Thus, retrieving one correct match remains
reliable in both settings, while the much lower side-view mAP shows that
retrieving all images of an identity is harder.

6.3. Cross-View and Mixed Evaluation

The cross-view scenarios require matching top and side images, as in
AG-RelD, and remain difficult even under controlled synthetic conditions.
Among the three scenarios that require matching across elevations, the best
result is 52.5% mAP, obtained by training and evaluating on Top-Side. The
benefit of covering both elevations is also clear on Side — Top, where training
on both views reaches 41.6%, compared with 13.0% for side-only training and
25.0% for top-only training.

Overall, training on both viewpoints is best whenever query and gallery
sets mix top and side images, as the Side — Top, Top — Side, and Top-
Side — Top-Side results show. When comparing the two single-view training
configurations within each cross-view scenario, training on the query viewpoint
gives better rank-1 accuracy, while top-only training gives better mAP in
both scenarios. This matters when only the first retrieved candidate is used.
Training on both viewpoints slightly reduces same-range performance, as Side
— Side falls from 42.2% to 37.0%, and Top — Top from 99.6% to 93.5%.
The benchmark thus recovers the same trade-off as the cumulative-elevation
experiments, with the model exchanging specialization for coverage.

Side — Side Top — Top Top — Side Side — Top Top-Side — Top-Side

Training mAP R-1 mAP R-1 mAP R-1 mAP R-1 mAP R-1
Train Side 42,2 99.7 165 944 131 356 13.0 755 206 97.4
Train Top 11.0 734 99.6 100 22.0 947 25.0 29.7 394 87.2
Train Top-Side 37.0 99.3 935 100 39.4 96.2 41.6 79.7 52.5 99.7

Table 5:  MOO retrieval after training on Side views, Top views, or both. Arrows run
from query to gallery. Side denotes elevations below 30° and Top denotes elevations at or
above 30°, with all azimuths retained. mAP and rank-1 accuracy (R-1) are percentages.
Bold marks the best training configuration for each metric and retrieval scenario.
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7. Transfer to Real Cattle Datasets

The analysis and the benchmark are both conducted on rendered images,
which may not reflect the challenges of real-world data. To verify that MOO is
useful beyond the synthetic setting, we test whether it can provide pretraining
for real-world datasets. We use four real datasets, namely FriesianCattle2015
(FC15) (Andrew et al., 2016), FriesianCattle2017 (FC17) and AerialCattle2017
(AC17) (Andrew et al., 2017), and Cows2021 (C21) (Gao et al., 2021). For
each dataset, we compare the standard ImageNet-21k initialization with
an additional MOO pretraining stage using either all views or top views
only. Because the architecture and target-dataset training remain fixed, the
comparison measures the effect of adding MOO pretraining.

Figure 10 illustrates the acquisition differences between the synthetic
source (01) and the real target datasets (02-05).

01 MOO 02 FC15 03 FC17 04 AC17 05 C21

Figure 10: Synthetic source images from MOO (01) alongside real target images from
FriesianCattle2015 (FC15) (Andrew et al., 2016) (02), FriesianCattle2017 (FC17) (03),
AerialCattle2017 (AC17) (Andrew et al., 2017) (04), and Cows2021 (C21) (Gao et al.,
2021) (05). Each C21 panel contains two adjacent crops.

Table 6 reports the results of these initializations on each dataset. In the
zero-shot setting, top-view MOO pretraining outperforms ImageNet-21k on
every dataset, while all-view pretraining falls below it on FC17. The viewpoint
annotations also let us select pretraining images that match the target dataset.
On Cows2021, top-view pretraining reaches 32.1% mAP, compared with 13.4%
for all views and 9.4% for the baseline. Thus, datasets dominated by specific
views can benefit from pretraining on the relevant subset of MOO.

The supervised setting then asks whether this advantage holds once the
model is also trained on the target dataset. Here, MOO initialization improves
performance on FC15 and AC17, is comparable on C21, and reduces it on
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FC17. FC17 images contain frequent occlusions and multiple animals per
frame, a domain gap that may explain the lower transfer performance. Top-
view pretraining gives the best results on most of these top-down targets.
Synthetic data can thus complement real data that is hard to collect.

FC15 FC17 AC17 Cc21
Initialization — Pretraining mAP R-1 mAP R-1 mAP R-1 mAP R-1
Zero-shot (direct transfer)

ImageNet-21k (baseline) 51.1 46.8 45.8 60.0 555 79.6 9.4 324

ImageNet — MOO (All) 59.2 56.0 40.1 57.1 67.5 88.0 134 412

ImageNet — MOO (Top) 63.4 56.7 53.9 63.3 653 844 32.1 674
Supervised (trained on target)

ImageNet-21k (baseline) 73.7 796 90.0 89.5 81.8 91.2 94.0 98.0

ImageNet — MOO (All) 89.2 944 839 868 824 917 942 98.0

ImageNet — MOO (Top) 91.1 96.3 842 865 89.0 92.8 94.4 98.3

Table 6: Transfer from ImageNet-21k initialization, with or without additional MOO
pretraining on all views or Top views (0 > 30°). Zero-shot evaluation uses no target-dataset
training, and supervised evaluation fine-tunes on the target dataset. FC15, FC17, AC17,
and C21 denote FriesianCattle2015, FriesianCattle2017, AerialCattle2017, and Cows2021.
mAP and rank-1 accuracy (R-1) are percentages. Bold marks the best value per column
within each block.

8. Limitations

Cross-view evaluation coverage. The atomic experiments in Section 5 use
query and gallery images from the same elevation or azimuth partition. They
measure generalization from training viewpoints to test viewpoints, but do not
test cross-view retrieval between distinct query and gallery partitions. The
benchmark in Section 6.1 introduces cross-view retrieval between the broader
Top and Side groups, but does not cover every pair of atomic partitions.
Consequently, it does not establish how retrieval performance varies with
a specific query-gallery elevation or azimuth gap. Because the possible
combinations of partitions are too numerous to evaluate exhaustively, we
restricted cross-view retrieval to the Top and Side groups, which correspond
to the side and top cameras of real monitoring setups.

Interactions with other appearance factors. The controlled rendering con-
ditions also limit the scope of the conclusions. Geometry, pose, lighting,
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and background remain fixed, so the experiments do not measure how each
of these factors interacts with viewpoint changes. The real-data transfer
experiments assess the usefulness of MOO pretraining, but several appearance
and acquisition factors change together and cannot be disentangled by that
comparison. We deliberately chose a simple rendering to study the effect of
viewpoint without the influence of external factors. This work is therefore
not a study of how geometry, pose, lighting, or background affect RelD.

Comparison of methods. The viewpoint experiments use a single baseline
pipeline rather than comparing a range of state-of-the-art RelD methods. The
measured asymmetry, elevation threshold, and performance gaps therefore
characterize this pipeline on MOO, and their magnitude may vary when other
architectures or training objectives are used. The benchmark enables such
comparisons. We deliberately leave the evaluation of each method outside
the scope of this work, which focuses on measuring the effect of viewpoint.

9. Conclusion

We introduced MOO, a synthetic dataset that makes viewpoint effects
in animal RelD measurable through 1,000 cattle identities rendered from
128 systematically sampled viewpoints with exact azimuth and elevation
annotations. By controlling every source of appearance variation except
the coat pattern and viewpoint, it connects angular changes directly to
identification performance.

Our analysis measures the effects of elevation and azimuth. Elevation
generalization on cattle is asymmetric, because a model trained on high
elevations transfers downward better than a model trained on low elevations
transfers upward. Below a 30° elevation threshold, limited overlap between
visible surfaces makes retrieval more difficult. Higher camera elevations and
training data that covers the deployment viewpoints are therefore preferable
in this controlled setting. Lateral views also perform about 20 mAP points
better than frontal and rear ones on average over the eight test partitions,
which we attribute to the larger amount of coat pattern they expose. They
should be prioritized in both query and gallery sets.

The MOO benchmark makes viewpoint a central difficulty with disjoint
training and test identities, three training configurations, and five query-
gallery scenarios that control access to top and side views. Since geometry,
pose, lighting, and background stay fixed, viewpoint drives the difficulty of
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these comparisons. With top-only training, the baseline reaches 99.6% mAP
on Top — Top. Even with training on both view ranges, it reaches only
39.4% on Top — Side and 41.6% on Side — Top. These cross-view scenarios
provide challenging evaluation conditions for methods designed for viewpoint
changes.

The transfer experiments show that MOO pretraining also helps on real
datasets. After supervised training, it improves performance on two of the
four real datasets, is comparable on a third, and reduces it on the fourth.
Top-view pretraining gives the best results on most of these top-down targets.
The same annotations thus support both controlled analysis and targeted
pretraining.

Together, these findings isolate and quantify how viewpoint changes affect
the ability of a RelD system to match individuals. In this controlled cattle
setting, matching depends only on the overlap of visible identity cues and the
ability to generalize from training viewpoints to test viewpoints. A model
trained on one viewpoint does not generalize easily to another, and even a
model trained on both top and side views struggles to match images across
them. Viewpoint thus remains a difficulty of its own for animal RelD, even
without the occlusion, illumination, and background changes of real data.
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