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Abstract

The lactation performance of Saanen dairy goats, renowned
for their high milk yield, is intrinsically linked to their body
size, making accurate 3D body measurement essential for
assessing milk production potential, yet existing reconstruc-
tion methods lack goat-specific authentic 3D data. To address
this limitation, we establish the FemaleSaanenGoat dataset
containing synchronized eight-view RGBD videos of 55 fe-
male Saanen goats (6-18 months). Using multi-view Dynam-
icFusion, we fuse noisy, non-rigid point cloud sequences into
high-fidelity 3D scans, overcoming challenges from irregu-
lar surfaces and rapid movement. Based on these scans, we
develop SaanenGoat, a parametric 3D shape model specifi-
cally designed for female Saanen goats. This model features
a refined template with 41 skeletal joints and enhanced udder
representation, registered with our scan data. A comprehen-
sive shape space constructed from 48 goats enables precise
representation of diverse individual variations. With the help
of SaanenGoat model, we get high-precision 3D reconstruc-
tion from single-view RGBD input, and achieve automated
measurement of six critical body dimensions: body length,
height, chest width, chest girth, hip width, and hip height. Ex-
perimental results demonstrate the superior accuracy of our
method in both 3D reconstruction and body measurement,
presenting a novel paradigm for large-scale 3D vision appli-
cations in precision livestock farming.

Code,Data —
https://github.com/bojin-nwafu/Female-Saanen-Goats

Introduction

Female Saanen goats, originating from Switzerland, are
globally recognized as a premier dairy breed and serve as
crucial parental stock for the genetic improvement of dairy
goat populations worldwide (Zhang et al. 2025). A strong
correlation exists between their morphometric characteris-
tics and milk production, motivating current international
research efforts towards modernized and precise manage-
ment strategies for this breed (Wang et al. 2022). Three-
dimensional vision technology enables precision manage-
ment of dairy goats by capturing rich, high-dimensional data
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Figure 1: Pose variation examples in the Saanen dataset. (a)
standing, (b) walking, (c) head turning, (d) looking back-
ward, and (e) head lowering. Top row: fusion meshes after
denoising; Middle row: manually labeled 3D surface key-
points; Bottom row: source depth images of one view.

for accurate individual monitoring, precise phenotyping, and
targeted genetic improvement programs.

However, the large-scale deployment of 3D vision tech-
nology in this domain faces substantial challenges. These
primarily include the difficulty of acquiring high-quality an-
imal data in dynamic, on-farm environments and the lack
of robust parametric 3D models capable of accurately rep-
resenting critical physiological structures, such as the udder.
In conclusion, these factors hinder the widespread adoption
and effective utilization of 3D vision technology in precision
Saanen dairy goat farming.

Previously, Zuffi et al.(Zuffi et al. 2017) introduced the
SMAL parametric model, which constructs a statistical
model for quadrupeds using scans of 41 animal toys. How-
ever, this model lacks Saanen goat data and exhibits signif-
icant discrepancies with actual dairy goat physique in real
farming environments, failing to adequately capture their
morphometric characteristics. While Varen(Zuffi et al. 2024)
demonstrated that high-precision species-specific paramet-
ric models can be constructed using high-quality laser scan-
ning data, such systems face practical limitations: animals
like sheep exhibit less docile behavior than horses, and the
high system costs challenge deployment in farm environ-
ments. Hence, addressing the challenges of high-quality 3D
data collection and precise parametric modeling for Saanen



dairy goats remains crucial.

To address the scarcity of high-quality 3D data for
Saanen dairy goats, we developed a lightweight eight-
view RGBD camera array system for capturing synchro-
nized video sequences in real farming environments. From
this data collection effort, we constructed the FemaleSaa-
nenGoat dataset.This dataset captures dynamic RGBD se-
quences of 55 female Saanen dairy goats aged 6 to 18
months, with each sequence recorded at 30 FPS for 30 sec-
onds. The sequences encompass rich postures of goats in
various natural states, including standing, walking, and head
turning. We employed a multi-view DynamicFusion algo-
rithm that effectively fuses noisy point cloud sequences to
generate geometrically accurate and complete 3D scans. The
dataset contains approximately 3,200 high-fidelity 3D scans
(approximately 2,700 for training and 500 for testing), with
each scan model manually annotated with 32 anatomical 3D
keypoints to facilitate subsequent parametric model fitting.

Based on our new dataset,we develop the first real data-
driven SaanenGoat parametric model incorporating anatom-
ically relevant features, particularly mammary glands. The
model uses pose-normalized 3D reconstructions from our
multi-view system and enables high-precision 3D recon-
struction from single-view RGBD input through learned
shape priors and geometric constraints. Our approach au-
tomatically measures six critical body dimensions (body
length, height, chest width/girth, hip width/height) via
strategically defined keypoints, enabling precise morpho-
metric analysis for livestock management. Experimental re-
sults demonstrate that our SaanenGoat model substantially
outperforms the generic SMAL and SMAL+ models. Our
model reduces 3D reconstruction errors by up to 77.7%
on the In-Shape test set and 66.5% on the Out-Shape test
set compared to SMAL, while maintaining strong general-
ization. For body measurement, our model achieves supe-
rior accuracy with MAE of 1.90, significantly outperforming
SMAL (4.89) and SMAL+ (3.48).

In summary, our contributions are as follows:

* We introduce the first eight-view synchronized RGBD
video dataset named FemaleSaanenGoat, which includes
55 individuals with different sizes and diverse poses.

* We create the SaanenGoat parametric model by learning
from the high-fidelity 3D scans and achieve precise 3D
reconstruction.

* We implement a automatic and accurate body size mea-
surement system that leverages our parametric model and
anatomically defined landmarks.

Related Works
Quadrupedal Shape Model Creation

We focus on parametric quadruped models. SMAL (Zuffi
et al. 2017), built from 41 toy animal scans, has limited
shape space and cannot represent out-of-domain species like
pigs, goats, or horses. Extensions to SMAL include vertex
displacements for specific animals (Zuffi, Kanazawa, and
Black 2018) and scale parameters for dog sizing (Biggs
et al. 2020), but retain SMAL’s bone structure and mean
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shape, limiting domain-specific representations. Species-
specific models include BARC (Rueegg et al. 2022) and
BITE (Riiegg et al. 2023) (D-SMAL for dogs using breed
information), hRSMAL (Li et al. 2021) (37 horse toy scans),
and VAREN (Zuffi et al. 2024) (anatomical skeletons
with muscle-based deformations from 4k horse scans).
AWOL (Zuffi and Black 2024) proposes SMAL+ by inte-
grating multiple animal models into a 145-dimension space.
Other works target pigs (An et al. 2023) and dogs (Kearney
et al. 2020) but lack generalization. No parametric models
exist specifically for goats.

Monocular Animal Mesh Recovery

Monocular animal mesh recovery approaches fall into two
categories: model-free and model-based methods. Model-
free methods include explicit articulated reconstruction (Wu
et al. 2023; Yao et al. 2022; Li et al. 2024) and implicit
geometry prediction (Hong et al. 2023; Sun et al. 2023;
Tochilkin et al. 2024). While effective for common pets, they
struggle with rare agricultural animals. Model-based meth-
ods rely on SMAL, limiting prediction to SMAL’s shape
space. Recent advances include optimization-based (Zuffi
et al. 2017; Zuffi, Kanazawa, and Black 2018; Biggs et al.
2019), CNN-based (Zuffi et al. 2019; Biggs et al. 2020;
Rueegg et al. 2022; Riiegg et al. 2023), and Transformer-
based (Lyu et al. 2025b) approaches. AniMer+ further ex-
tends this with a unified multi-taxa framework using syn-
thetic dataset augmentation (Lyu et al. 2025a). Model ca-
pability and dataset content are crucial for recovery perfor-
mance. While datasets like Animal3D (Xu et al. 2023) and
GenZoo (Niewiadomski et al. 2024) support general pose
and shape estimation, their mesh quality remains insufficient
for applications requiring precision, such as body measure-
ment.

3D Body Measurement for Agriculture

Traditional manual body measurements using meter sticks
or metric tape are labor-intensive, time-consuming, subjec-
tive, and can cause livestock stress, leading to inconsistent
results. Computer vision and 3D imaging techniques have
revolutionized this process. (Ruchay et al. 2020) uses three-
view depth cameras to obtain complete cow point clouds,
localizing keypoints to calculate nine body measurements.
(Du et al. 2022) projects RGB-detected keypoints onto live-
stock point clouds, combining interpolation and position
normalization for cow and pig measurements. (Hao et al.
2023) proposes an improved PointNet++ model segment-
ing pig point clouds into ten parts, localizing keypoints, and
calculating parameters via least squares and slicing. Simi-
lar approaches apply to goats(Jin et al. 2024). These meth-
ods input unordered point clouds. Alternatively, (Lu et al.
2025) proposes a two-stage coarse-to-fine cattle measure-
ment strategy, initially fitting 2D keypoints using SMAL,
then refining surface meshes via Graph Convolutional Net-
works (GCN) for key dimension estimation.
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Figure 2: Data Processing Pipeline. We capture RGBD data of Saanen dairy goats using top-view and seven surrounding
cameras. Multi-view dynamic fusion generates geometrically accurate 3D goat models. The Saanen Goat Initialization Template
is registered to the scanned data, followed by pose normalization to T-pose for shape space construction.
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Figure 3: Examples of scan results for Saanen dairy goats of
different ages and body types included in the dataset.
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System Setup. We build a corridor-style acquisition setup
with eight viewpoints (one top view and seven surround-
ing views) to capture high-quality 3D point clouds of goats,
as shown in the supplementary material. The apparatus com-
prises a walking corridor with fencing, entry and exit gates,
and photoelectric sensors that detect a goat’s arrival. We use
eight synchronized Microsoft Azure Kinect DK RGBD cam-
eras, capturing 1280x720 RGB videos and 640x480 depth
videos at 30FPS. For each goat, we record 30-second videos.

Goat 3D Mesh Reconstruction. We obtain initial cam-
era poses through chessboard-based PnP calibration (Zhang
1999), then refine them using a temporally-constrained ICP
optimization framework to achieve accurate 3D goat recon-
struction. Given a RGB video, we use Track Anything (Yang
et al. 2023) to obtain the foreground mask. To obtain smooth
and coherent 3D meshes of deforming goat surfaces while
accurately reconstructing the actual shape of goats, we mod-
ify DynamicFusion (Newcombe, Fox, and Seitz 2015) to 8-
view cases. As result, the reconstructed mesh exhibits low-
noise surfaces and physically plausible deformations, ac-
curately capturing the goat’s shape and deformation over
time. Additionally, we captured multiple poses in their nat-
ural state, as demonstrated in Fig. 1. Afterwards, we ap-
ply radius filtering to the output meshes to further sup-
press noise, resulting in a smoother surface. Consequently,
we collect a dataset named FemaleSaanenGoat that con-
sists of 55 goats with ages ranging from 6 months to 18
months(Fig. 3), which includes 48 goats with approximately
2,700 scans for model training, and 7 goats with around 500
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Figure 4: Comparison between the average model of our
SaanenGoat (top) and the SMAL (bottom). Learned from
real goat scan meshes, the SaanenGoat model provides a
more accurate fit to the real goat’s anatomy than SMAL.

scans for testing. The dataset contains synchronized eight-
view RGBD video data, 2D keypoints, and corresponding
three-dimensional mesh data for each frame.

Saanen Dairy Goat Parametric Model

Initial Template. Despite the widespread adoption
of Skinned Multi-Animal Linear (SMAL) models for
quadruped representation, SMAL fails to accurately capture
the Saanen dairy goat due to the absence of Saanen dairy
goat samples in the 41 training toy scans. Therefore, this
paper proposes a novel parametric model specifically con-
structed from our scan data of Saanen dairy goats, enabling
accurate morphological representation. Specifically, we
purchase a Saanen dairy goat model ! with skinning and
skeletal binding as our initial template, comprising 39
skeletal joints, 3647 vertices and 7376 faces. However, the
template’s resolution inadequately captures fine-grained
morphological features. We refine this template through two
stages: (1) adjusting skeletal joint positions for anatomical
accuracy according to caprine morphology and augment-
ing the udder region with additional joints for precise
mammary structure control; (2) applying loop subdivision
to increase mesh resolution and enhance morphological
feature representation. The final template consists of a
vertex set V. € RN*3 containing N = 13, 815 vertices, a
joint set J € RM*3 comprising M = 41 joints, a skinning
weight matrix W € RY*M mapping vertices to joints,

"https://free3d.com/3d-model/goat-saanen-breed-rigged-
5393.html



and a kinematic tree defined by skeletal parent indices
P = {p1,p2,...,br }, where p; denotes the parent joint of
joint ¢. Fig. 4 compares our template with SMAL template.

Pose Fitting to Scan. We establish initial correspondence
by defining 32 anatomically-informed landmarks on each
scanned mesh (Fig. 1), strategically distributed across the
head, neck, limbs, thorax, abdomen, pelvis, and tail for com-
prehensive morphological coverage. After scale normaliza-
tion to establish uniform scaling, we compute optimal rigid
transformation parameters (rotation matrix R and transla-
tion vector t) that minimize distances between correspond-
ing landmarks. This rigid alignment provides coarse regis-
tration, establishing preliminary spatial correspondence for
subsequent fine-scale deformation analysis.

n
{R.t} =argmin ||R-o7 +t—of|P (1)
=1

where vy and v} represent corresponding points on the
scanned mesh and template mesh, respectively. This trans-
formation is solved by Singular Value Decomposition
(SVD).

We optimize skeletal pose using these landmarks, with
pose parameters in axis-angle format converted to rotation
matrices via Rodrigues’ formula. Global joint transforma-
tions are computed recursively through the kinematic tree,
and Linear Blend Skinning (LBS) calculates vertices un-
der pose transformation. We formulate pose parameter op-
timization through a joint loss function:

‘Ctolal = )\1 £scale + >\2£1andmark + >\3£correspondence

@)
+ >\4£collision + )\5 £p056J6g7

where Lg e ensures that the two meshes are consistent
in scale, avoiding mismatches caused by scale differences,
Liandmark €nsures that the keypoints of the registration results
align with the annotated keypoints, Lcomespondence €NSUres
that the registration results align with the scans. Addition-
ally, Leconision represents the collision loss term, which pre-
vents interpenetration artifacts between the udder and limbs
of the dairy goat in various poses, and Lpose_reg prevents the
registration results from exhibiting ill-poses. In our experi-
ments, the values of A1, Az, A3 A4, and A5 are set to 0.1, 0.1,
0.2, 0.1, and 0.15, respectively.

Shape Fitting to Scan. Similar to pose optimization, we
enhance fitting accuracy through mesh refinement. We com-
pute a vertex displacement field that deforms the pose-
aligned template mesh to better approximate the target ge-
ometry. In details, given the posed mesh M.z, and the tar-
get mesh Mgy get, OUr objective is to determine an optimal
vertex displacement field AV such that the deformed mesh
Maeformed = Mpose + AV closely approximates the tar-
get while preserving mesh topology and surface smoothness.
Due to the inconsistent vertex density across different re-
gions of the model, we partition the optimization process
into three anatomical regions—torso, head, and limbs—to
capture the morphological characteristics of the dairy goat
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with high fidelity. The optimization objective is as follows:

>

parte{body,head,legs,other}

Ltotal = Lpart + )\Lglobalv (3)

where A = 0.2, and the loss function L+ for each anatom-
ical region comprises the following components.

Lpart = Wyc * Lvertez + ws - Lsmooth
+ we - Ledge + Wy - Lnormal

“4)

where the loss function L ¢.¢c, €nsures that deformed ver-
tices closely match their target mesh counterparts, Lgyo0th
preserves surface smoothness, L.,ormq; Maintains consis-
tency among neighboring face normals, and L. stabilizes
edge lengths throughout the deformation process. In our ex-
periments, the values of Lyerter » Lsmooths Lnormal, and
Legge are set t0 0.5, 0.1, 0.1, and 0.1, respectively.

Shape Space. Based on data obtained from previous pose
and shape fitting processes, we select fitting results from
48 Saanen dairy goats to construct the shape space of our
model. We first utilize the estimated pose parameters 6 to
build the global transformation matrices G;(6) for each
joint and their corresponding inverse matrices G *(0). Sub-
sequently, we employ inverse linear blend skinning (inverse
LBS) to restore the dairy goat models from various poses
back to the standard T-pose, thereby preserving the geomet-
ric characteristics and topological structure of the models.
After normalizing all dairy goat models to the T-pose,
we construct Shape Blend Shapes to capture shape varia-
tions across different individuals. Using the standard tem-
plate mesh T as the reference shape, we calculate the shape
deviation for each normalized dairy goat model D™ as:
AD™ =D™ —T. 5)
We then compile all shape deviations into a shape devi-
ation matrix D and perform Principal Component Analysis
(PCA) on this matrix to obtain a set of orthogonal shape ba-
sis vectors and their corresponding eigenvalues. Based on
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Figure 5: Visualization of the shape space for Saanen goats.
The central grid represents the average shape, while the sur-
rounding variations demonstrate different shape changes in
the model. We visualize the first four principal components
with deviations of +2 standard deviations.
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the extracted shape basis vectors S;, we define the Shape
Blend Shapes function BS(3):

K
BS(8) =) _BiSi, 6)

i=1
where 8 = [B1, 2, ..., Bk|? is the shape parameter vec-

tor controlling the weights of each shape basis vector and
K = 48. Each shape basis vector S; has a dimension of
3N, corresponding to the displacements of all vertices in the
model.

Combining the standard template and the Shape Blend
Shapes function, we construct a parameterized model for
dairy goats. Given pose parameter 6 and shape parameter
3, the mesh generation process can be expressed as follows:

Vg = Vi + BBTa (7)
v = LBS(v,,0; W, J,.),
where v, is the template vertices, B is the shape blend shape
weight, J,. is the joint regressor. This parametric representa-
tion enables efficient generation of three-dimensional dairy
goat models with various body types by adjusting the low-
dimensional shape parameters 3.

Following the SMPL (Loper et al. 2023) framework,
we implemented pose blend shapes but observed negligi-
ble improvements for Saanen dairy goats. As our body mea-
surement analysis primarily concerns shape variations, we
exclude pose blend shape demonstrations from this study.
Furthermore, to preserve accurate morphological represen-
tation, we refrain from enforcing vertex symmetry opera-
tions due to inherent anatomical asymmetries in dairy goats,
particularly in the lungs and mammary glands.

Monocular Mesh Recovery

To ultimately achieve fully automated monocular Saanen
goat mesh recovery and body measurement, we extend the
SMALify framework 2> — an efficient and widely-adopted
tool for animal mesh optimization. However, its generic for-
mulation presents two critical limitations for our target do-
main: (1) The SMAL template lacks species-specific priors
for goats, and (2) the optimization relies solely on 2D key-
points and silhouette constraints, lacking depth information
and thus unable to capture true spatial scale. To address these
challenges, we replace the SMAL model with our Saanen-
Goat model in SMALIfy and introduce two key innovations:

* 3D Geometric Constraints: We incorporate monocular
depth constraints and contour-normal constraints during
optimization, providing crucial 3D geometric cues that
resolve inherent ambiguities in monocular reconstruc-
tion.

Biomechanical Regularization: Drawing from the Saa-
nen goat template, we enforce geometric constraints on
joint angles and local deformations, preventing physio-
logically implausible mesh distortions.

*https://github.com/benjiebob/SMALify
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The main loss function is given by:

Etotal = >\si1£sil + /\kpﬁkp + )\depthﬁdeplh + )\normalﬁnormal

2D alignment

+ Aregﬁreg )
N——

3D alignment

Regularization

)
where )\sil = 0.1, >\kp = 0.02, )\depth = 0.002,
Anormat = 0.002, and A = 0.01. The loss formulation
incorporates multi-modal constraints for robust 3D recon-
struction: Lg; enforces 2D silhouette alignment between
rendered contours and ground truth segmentation masks,
ensuring projective consistency. Ly, measures the 2D
keypoint reprojection error by comparing predicted and
gt joint positions. For 3D geometric consistency, Lgepth
penalizes deviations between rendered depth maps and
sensor measurements to resolve pose ambiguities, while
Lyormal Tegularizes surface deformation by matching pre-
dicted and observed surface normals, particularly along
edge contours. L., serves as a regularization term that
enforces biomechanical constraints to prevent anatomically
implausible deformations.

Experiments
Comparison with SMAL for Scan Registration

Datasets. The evaluation of our parametric Saanen dairy
goat model comprised two test sets. The In-Shape testset
consists of five different pose categories (see 1): standing,
walking, head turning, looking backward, and head lower-
ing. For each pose category, one goat is randomly selected,
with each pose sequence containing 60 frames, totaling 300
frames in the test set. The Out-Shape test set contains 350
frames from 7 goats, that are not used in the construction of
the shape blend shape.

Metrics. In our experiments, we select the mean cham-
fer distance error and the mesh-to-scan distance error for
vertices across all body parts as evaluation metrics follow-
ing (Zuffi et al. 2024).

Baselines. Given the lack of parametric models specifically
developed for Saanen dairy goats or other goat breeds in ex-
isting literature, this study adopts the original SMAL neu-
tral template as the primary baseline framework. To pro-
vide a comprehensive evaluation, we additionally employ
SMAL+ (Zuffi and Black 2024), an extended version that
encompasses a broader range of animal species, as a sec-
ondary comparative baseline.

Experiments were performed using a single NVIDIA
GeForce RTX 3090 graphics card. We compare SMAL,
SMAL+, and our SaanenGoat model on both datasets. Ta-
ble 1 shows that SMAL exhibits higher fitting errors due
to limited template diversity, while SMAL+ improves accu-
racy through expanded shape space from multiple species.
Our SaanenGoat model achieves the lowest error rates by
accurately capturing authentic Saanen goat body structure.
Table 2 demonstrates our model maintains high accuracy
on unseen subjects. Fig. 6 visualizes results from the Out-
Shape dataset, showing accurate 3D shape representation
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Figure 6: Comparison of model fitting performance on
scanned goat data: ground truth mesh, SMAL, SMAL+, and
SaanenGoat fittings with corresponding distance error maps.
Distance visualizations use blue-to-red gradients indicating
minimal-to-maximal fitting errors.

Chamfer Distance  Mesh-to-Scan

mean std Mean std
SMAL 36.72 4.76 31.53 3.31
SMAL+ 31.18 3.26 25.14  2.79
Ours 10.65 0.62 7.02 046

Table 1: Fitting Results on the In-Shape testset. Compared to
both the neutral template SMAL model and SMAL+ model.
Errors in mm.

across various postures. Both quantitative and qualitative re-
sults confirm our model’s generalization capability to unseen
Saanen goats.

Body Measurement Accuracy

Datasets We collected body measurements from 20 Saanen
dairy goats with varying ages and conformations for valida-
tion. Manual measurements served as ground truth for body
dimensions. Previous research on Saanen dairy goat mea-
surement (Jin et al. 2024) used three-perspective Kinect sen-
sors to acquire point clouds and calculated body dimensions
through keypoint-based segmentation. After acquiring this
dataset, we performed comparative evaluation against these
measurements.

Chamfer Distance  Mesh-to-Scan

mean std Mean std
SMAL 39.68 5.14 3371 4.35
SMAL+ 32.46 3.75 26.32 2.87
Ours 15.30 1.83 11.29 1.76

Table 2: Out-Shape testset results. Comparison of recon-
struction errors between our proposed model and the SMAL
and SMAL+ baseline models. Errors in mm.

38675

Manual SaanenGoat SMAL
- P—r v
. HW CW
Bovaif e e
a) BL_ (b) BH (QHH RS
@BL () Bl (O BLCG4 g, G
| - }::'Ar/ BH
@) CW (e) HW () CG  HHGround  ‘HH\

Figure 7: The methodology for body size measurement.BL:
Body Length, BH: Body Height, HH: Hip Height, CW:
Chest Width, HW: Hip Width, CG: Chest Girth. Left: man-
ual measurement. Middle: key point-based measurements
derived from the SaanenGoat model. Right: key point-based
measurements derived from the SMAL model.
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Figure 8: Body measurement comparison between SMAL,
SMAL+, and our SaanenGoat model. Our model achieves
closer agreement with manual measurements by more accu-
rately capturing dairy goat morphology.

Metrics Mean Absolute Error (MAE) and Mean Absolute
Percentage Error (MAPE) were selected as evaluation met-
rics. MAE represents the average of the absolute differences
between predicted and actual values, providing a direct mea-
sure of prediction accuracy in the original units. MAPE, cal-
culated as the average of the absolute percentage errors rel-
ative to the actual values, offers a scale-independent met-
ric that facilitates comparison across different measurement
scales and body size.

This paper measures six primary parameters: body length,
body height, hip height, chest width, hip width, and chest
girth, with measurement locations shown in Fig. 7. We
established corresponding morphometric keypoints on our
parametric model based on anatomical expertise. Body
length, chest width, and hip width are computed using Eu-
clidean distances between keypoint pairs, while body height
and hip height are calculated as distances from keypoints
to the ground plane. For chest girth, we project the non-
coplanar chest keypoints onto a reference plane, fit an el-
lipse to their distribution, and compute the elliptical perime-
ter. Fig. 8 shows MAE error analysis comparing body size
parameters from SaanenGoat, SMAL, and SMAL+ models
against ground truth data. Results demonstrate that our Saa-
nenGoat model achieves superior performance across all six
body measurement parameters, with significant error reduc-
tions of 41-72% compared to SMAL and SMAL+. The re-
sults of MAPE are presented in the supplementary material.



Ours PointStack
Body Size MAE MAPE MAE MAPE
Body Length  21.9 2.81 25.7 3.24
Body Height  16.8 2.35 18.3 2.54
Chest Width 14.6 6.81 11.3 543
Chest Girth 15.5 1.64 28.5 3.08
Hip Height 13.1 1.77 16.2 2.16
Hip Width 13.4 5.79 10.2 4.59

Table 3: Comparison with improved PointStack-based body
dimension measurements derived from tri-view point cloud
data. Errors in mm.

Chamfer Distance  Mesh-to-Scan

mean std Mean std
SMAL 89.88 9.04 68.17 7.34
SMAL+ 76.16 8.34 59.32  6.07
Ours 26.58 3.17 19.66 1.74

Table 4: Comparison of monocular recovery results between
ours and SMAL as well as SMAL+ models. Errors in mm.

Jin et al.(Jin et al. 2024) employed PointStack networks
for point cloud segmentation, localized measurement key-
points from anatomical regions, and calculated correspond-
ing metrics. Using their point cloud data, we fit our para-
metric model to compute body dimensions, with visualiza-
tion results presented in the supplementary material. Table3
shows Our model outperforms PointStack in body size pre-
diction across most metrics. For MAE, we achieve lower er-
rors in all 6 body parts, with the largest improvement in chest
girth (45.6% reduction). For MAPE, we outperform on 5 of
6 metrics, with notable improvements in chest girth (46.7%)
and Hip Width (26.0%). Overall, our approach demonstrates
superior accuracy and stability compared to point cloud seg-
mentation methods.

Monocular Mesh Recovery Accuracy

To validate our monocular estimation network, we test 20
Saanen dairy goats with available measurement data. Us-
ing MMPose for 2D keypoint detection, our method takes
single-view RGBD images and optimizes pose/shape pa-
rameters through iterative refinement to reconstruct 3D
meshes via the SaanenGoat parametric model. We compared
against SMALIify (SMAL, SMAL+) and AniMer, a family-
aware Transformer approach for animal pose/shape estima-
tion. Fig. 9 visualizes estimation results, while Table 4 pro-
vides quantitative comparisons. SAANEN achieves 70.8%
and 65.9% lower errors than SMAL and SMAL+, respec-
tively. For body measurements from T-pose reconstructed
meshes (Fig. 10), our method reduces average MAE by
42.2mm (20.6 vs 62.8mm) and 20.4mm (20.6 vs 41.0mm)
compared to SMAL and SMAL+. MAPE results are in
the supplementary material. These results demonstrate our
network’s reliability for single-view 3D reconstruction and
body measurement estimation in Saanen dairy goats.
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Figure 9: Monocular 3D goat mesh recovery results. From
left to right:(a) Input RGBD image; (b) SMALIify with
SMAL model; (c) SMALify with SMAL+ model; (d) Ani-
Mer model’s predicted mesh overlaps with the input data; (e)
Our model’s predicted mesh overlaps with the input data; (f)
Ground truth (GT) mesh overlaps with the RGB image.

BodyLengh BodyHeight ChestWidth ChestGirth HipHeight HipWidth
Single Image Reconstruction For Body Measurements

Figure 10: MAE results for body measurements: compar-
ison between single-view SaanenGoat reconstructions and
SMAL/SMAL-+ baseline models. Errors in mm.

Conclusion

We address technical bottlenecks in 3D morphologi-
cal data acquisition and analysis for precision live-
stock farming using female Saanen dairy goats. We es-
tablish the first authentic eight-view RGBD synchro-
nized video dataset of dairy goats in real-world sce-
narios—FemaleSaanenGoat—containing 55 female Saanen
specimens with diverse natural postures. Using multi-view
Dynamic Fusion, we achieved high-fidelity 3D reconstruc-
tion and developed SaanenGoat, a specialized parametric
model that decomposes goat morphology into interpretable
pose and shape parameters. Based on anatomical landmarks,
our system enables non-invasive rapid biometric measure-
ment, automatically extracting six critical parameters: body
length, withers height, shoulder breadth, thoracic circumfer-
ence, pelvic width, and hip height.

Current limitations include species-specific constraints
limiting generalization to other breeds and suboptimal re-
construction accuracy for occluded mammary regions. Fu-
ture work will develop occlusion-aware reconstruction al-
gorithms, expand datasets to multiple goat breeds, and ad-
dress morphological challenges from varying wool thickness
through multi-modal sensing.

Our framework provides a transferable foundation for 3D
vision-based livestock analysis, advancing Al-driven agri-
cultural applications by demonstrating how computer vision
and parametric modeling address precision farming chal-
lenges while supporting livestock industry digitalization.
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