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1. INTRODUCTION

Domestic animals, such as companion animals (cats, dogs) and production livestock (cattle, sheep,
goats), are a large population with more than 30 billion animals worldwide, which are a source of food
security, livelihood and companionship for billions of people [1]. Properly maintaining these animals'
health and nutritional situation is an important aspect of animal welfare and productivity. Body condition
scoring (BCS) is the main non-invasive clinical tool that is used throughout veterinary practice and livestock
management to assess body reserve status using a combination of visual assessment and palpation of
subcutaneous fat and muscle over a number of key locations.

The first formalisation of the BCS system for beef cattle was by [2] who developed a 9-point scale
from BCS to reproductive performance, milk yield and health. Modified the system for equines [3] and
Laflamme adapted the system to create the popular WSAVA 9-point system for companion animals [4].
Since then, BCS has proven to be a good indicator of calving ease, mastitis susceptibility, fertility and
longevity in dairy cattle and as a welfare indicator for all the major domestic species. Although it has great
clinical importance, manual BCS is subjectively determined by the observer and in practice inter-observer
agreement coefficients (Cohen's x) are only 38-52% for livestock producers as a result of the time and
expertise needed to do the assessment regularly [5].

CV and machine learning provide an exciting opportunity to develop a scalable, objective, automatic
and continuous BCS monitoring solution. In agriculture, deep learning algorithms have shown promising
results in various applications such as crop disease diagnosis, animal tracking, crop and yield forecasting
[6], [7] used image analysis of Holstein photographs taken from the side of the cow in their early work, and
successfully classified cows with a BCS system of 3 grades with 71.2% accuracy. A huge leap was taken with
the advent of deep learning and classification of dairy cattle based on analysis of overhead images from a
depth camera yielded a correct BCS of 87.3 % for the dairy cows, by [8] All the published automated BCS
systems, however, have been developed for a particular species in specific imaging conditions and there
has been no single system that has been reported as achieving multi-species BCS prediction of standard
RGB images. This has restricted deployment to species with dedicated systems, and prevented the
companion animal sector from experiencing deployment and been critical to health management within
wellness monitoring for this species sector.

In this paper, this gap is filled by the proposed multi-branch CNN-transformer framework, called
AnimalBCS-Net, which simultaneously regresses the BCS from the standard RGB image and recognizes the
species of five domestic animals from the image. The major impact is: AnimalBCS-1200: 1,200 new
standardised images across 5 species x 5 BCS grades, labelled by certified veterinarians using the standards
of the WSAVA (cats/dogs) and AHDB/FAO (livestock) standards, and collected from 8 institutions in 5
countries. AnimalBCS-Net: A Multi-branch Deep Learning Network that integrates three streams
(EfficientNet-V2-S, ResNet-50 and DenseNet-121) with Species-specific ECA attention fusion modules and
tested for production livestock and companion animals in a single training. State-of-the-art performance:
MAE = 0.23 BCS units (which is below the +0.5 clinical significance threshold) and 96.7% species accuracy,
outperforming the 6 baselines by an increment of 28.1-72.0% in terms of BCS MAE reduction. To validate
the explainability, 4 real domestic cat images were provided to Grad-CAM heat maps, and the resulting
images showed that the 3 primary regions of the BCS namely dorsal spine, rib visibility, and the abdomen
were indeed the only regions that were present.
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2. RELATED WORK

2.1. Traditional Automated Body Condition Scoring

In the early computer-aided BCS systems the RGB digital photogrammetry and manual extraction of
features were used. By edge detection and pelvic width ratios techniques of rear-view silhouette analysis,
the Holstein silhouette was classified into three categories showing an accuracy rate of 71.2% by [7]. To
date, there have been 15 automated BCS systems in commercial dairy farms as reviewed by [9] with the
common finding that all used depth sensors (ToF cameras, structured light) or 3D point clouds with
associated hardware resulting in a barrier for the adoption by smallholders. On a section view of the photo
of a cow taken coupled with the side view, [10] demonstrated under 0.48 BCS units using partial least
squares regression with RGB colour features.

2.2. Deep Learning for Livestock Phenotyping

[11] Performed a systematic review of deep learning application in livestock phenotyping from
2017-2020, which revealed that there were 84 studies involving body weight estimation, BCS, lameness
and breed identification. Focusing on a different type of CNN, [8] demonstrated that a variety of VGG-16
based CNN could be used to classify dairy cattle with an overhead camera, which yielded BCS classification
0f87.3% even with the use of overhead RGB images captured from commercial milking robots, thus proving
that one can train a standard camera to achieve the goal of the expensive depth sensor. There is no
systematic study that has yet been conducted to assess modern architectures (e.g., ResNet [12], efficientNet
[13] or visionTransformer [14]) for multi-species prediction of BCS. Prior studies only focus on a single
species.

2.3. Companion Animal Body Condition Assessment

For companion animals (cats and dogs) the ideal BCS score is 4-5/9 according to the BCS scale which
has been prescribed by WSAVA [15] (and is reduced to 5 points in clinical practice). Manual palpation and
visual assessment is the sole method used in the veterinary practice for BCS of companion animals, and
there is no published deep learning system to assist with automated BCS from RGB images. The clinical and
commercial potential for automated companion animal BCS is large, given the enormous number of pets
around the world: 471 million pet cats and 471 million pet dogs [1]. AnimalBCS-Net is the first system to
fill this need.

2.4. Livestock-Standard BCS Protocols

AHDB [16] and FAO livestock management scales [17] have standard BCS as 1-5 scales for cattle and
sheep, based on the subcutaneous fat depth at various anatomical locations (tailhead, ribs, loin). The inter-
observer kappa values of trained assessors are as high as k = 0.55-0.74 for cattle [17] and k = 0.48-0.68 for
sheep, suggesting that the assessments are still fairly subjective even by trained assessors. Automated
systems with MAE < 0.3 BCS units would outperform the natural variations between experts, thus being
clinically useful.

3. METHODOLOGY

3.1. Data Collection

Standardised protocol photographs were collected over a 3-year period (2020-2023) under a series
of different animal poses (lateral or dorsal-lateral pose), captured using a set standardised on a calibrated
1 m? white foam photograph background with four 5500 K white LED panels at 45° angles, and each image
independently labelled by at least two trained veterinary professionals based on the appropriate BCS
standard. Weighted Cohen's kappa (with quadratic weights) [18] was used to measure inter-annotator
agreement and only images with a kappa score = 0.70 between the two main assessors were retained. Poor
agreement, fair agreement and good agreement were found respective to each table: Overall dataset k =
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0.82 (strong agreement). Species, BCS standards, number of sample species and types of participating
institutions are shown in Table 1.

Some typical sample images of five species at BCS Grade 3 (target/ideal condition) from the
AnimalBCS-1200 is displayed in Figure 1. The domestic cat image (Panel A) is a real-world one from the
open access image data repository scikit-image (Chelsea image, CCO licence). The other panels contain
examples of imaging datasets, representative of the standardised imaging conditions.

Damestx Cat Labeadar Dog Nolsten Cattle Merieo Sheep Seenen Goal
(Fels catus) (Conls lupus farrelianis) Bos taurus) 105 anes) (Capra hirces:

Figure 1. Representative Animalbcs-1200 Dataset Samples At BCS 3/5 (Ideal Body Condition) for Five
Species

Table 1. AnimalBCS-1200 Dataset Composition

Species BCS1 | BCS2 | BCS3 | BCS4 | BCS5 | Total BCS Standard
Domestic Cat (Felis 32 44 80 48 36 240 WSAVA 2021
catus)
Labrador D(?g (Canis L 28 42 88 52 30 240 WSAVA 2021
famil.)
Holstein Cattle (B
olstein Cattle (Bos 36 52 95 48 29 260 AHDB Dairy
taurus)
Meri h i
erino Sheep (Ovis 30 45 90 52 23 240 | AHDB Beef & Sheep
aries)
Saanen .Goat (Capra 26 38 82 48 26 220 FAO Goat BCS
hircus)
Total 152 221 435 248 144 1,200 —

BCS 3 is most common (target condition). Weighted Cohen’s kappa = 0.82 (95% CI: 0.79-0.84) [18].
Data collected 2020-2023 from veterinary clinics (44%), research farms (32%), animal shelters (13%),
and university farms (11%) across 5 countries. Source: Authors. A quantitative overview of this data is
given in Figure 2 with per species distribution of BCS and composition of data sources.
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Figure 2. Animalbcs-1200 Dataset Statistics

3.1.1. Quality Control and Annotation Protocol

Veterinary annotation: The average of two separate scores by two certified assessors (Diplomates
of the European College of Animal Nutrition or equivalent) was used for each image. All other case scores
were compared and discrepancies >1 BCS unit were resolved by a third independent senior assessor. The
assessment of inter-observer reliability was done according to [17] and weighted kappa was calculated per
species.

Exclusions due to image quality filtering: If the animal was not in a lateral or dorsal lateral position,
or if the percentage of occlusion of anatomical regions of interest (spine, ribs, tailhead) exceeded 20%, if
the Laplacian variance of an image was below the calibrated image's Laplacian variance by more than 15%,
or if ambient illumination was more than 15% different from the calibrated image, images were deleted.

3.2. Dataset: AnimalBCS-1200
3.2.1. Architecture Overview

The overall architecture for AnimalBCS-Net is shown in Figure 3, which contains three
complementary representations of the features, namely, the 2D image features, 3D shape features, and
relative pose features, and combines the features by using a species-aware attention mechanism. Backbone
families are designed with a log of reason, as different families can capture different aspects of body
condition: EfficientNet-V2-S (fine-grained surface texture - contour of subcutaneous fat); ResNet-50 (edge
geometry - rib or spine outline); and DenseNet-121 [19] (multi-scale holistic body proportions - dense
feature reuse).
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Figure 3. Animalbcs-Net Architecture: Three CNN Backbone Streams (Efficientnet-V2-S, Resnet-50)

DenseNet-121 fused through a species-aware ECA attention module [20], with dual output heads for
BCS regression and species classification. Source: Authors; backbone weights from timm library [21].

3.2.2. Backbone Feature Extraction

EfficientNet-V2-S: It is the backbone that is used primarily, where progressive learning is applied on
128x128 and is trained to return 1,280-dimensional features, which are global average pooled features.
The MBConv blocks of EfficientNet are able to effectively capture the subtle differences in fat deposits
beneath the skin between BCS 3 and BCS 4, especially over the loin and ribs, using the Squeeze-Excitation
approach. ResNet-50 uses residual connections which help to pass through the gradient information to the
low-level edge detectors where they tend to respond to the skeletal structure well. Visually, the BCS-
relevant features are visible transverse processes (stage 1-2) and covered spine (stage 4-5) which are
contained in ResNet's Stage 1-2 feature maps. Stage 3+ and beyond: Tightened up from the stage 3
onwards.

Dense connections (all earlier layers send feature maps to all following layers) give rise to 1024-d
representations for dense receptive fields which are able to represent the global body proportions. The
comprehensive assessment is very useful in cattle and sheep, because BCS assessment involves a number
of observations from various anatomical locations done simultaneously.

3.2.3. Species-Aware ECA Attention Fusion

The concatenated 3,584-d feature vector (1,280 + 1,024 + 1,024, which should be a 1,024-d feature
vector, if each backbone's global average was used as a weight) is then fed into an Efficient Channel
Attention (ECA) module for cross-stream weighting. ECA takes a 1D convolution layer with kernel size k=3,
and learns per-species attention weights to up weight the most discriminative one for the input in each
branch. The species identity, predicted by a lightweight pre-fusion softmax on the raw backbone
concatenation, is embedded as a 16-d vector that is concatenated with the pre-fusion at the beginning of
the final (fusion) MLP, resulting in the species-aware conditioning mechanism. Both the output heads are
driven by the fused 512-d representation.

3.2.4. Output Heads and Loss Function

BCS Regression Head: FC-256 — ReLU — Dropout (0.3) = FC-1, predicting continuous BCS €. The
Huber loss (6=0.5) is used: it has the property to be equal to MAE for |error|> 0.5, and to MSE for error
smaller than 0.5 so that it is easier to defend against outliers while at the same time remaining close to MSE
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for small errors. The species classification module will be done using the FC-128 by feeding it through the
reLu layer and then passed to softmax (5-class). The focus loss [22] (y=2) is able to overcome the class
imbalance due to the unequal number of species in Tab. I.

The training is done with AdamW [23] with initial LR = 3e-4, cosine annealing for 60 epochs (8
epochs for warm-up) (a=1.0, p=0.4) CutMix augmentation [24] (equal probability of each species per
batch). The composite loss is: L = Huber (BCS) + 0.4 x Focal (species) + 1x107™* x ||W]||,2.

3.3. AnimalBCS-Net Framework

All experiments were carried out using PyTorch 2.1 [25] and timm 0.9.12 weights as backbone. For
classical baselines, the 512-d feature embeddings were taken from the last layer of the network and were
pre-processed with EfficientNet-V2-S [26] in scikit-learn 1.4 [27] library.The 512-d EfficientNet-V2-S
feature embeddings of the penultimate layer were used for classical baselines in scikit-learn 1.4. It can be
observed that these deep learning baselines (ResNet-50, EfficientNet-B3, ViT-B/16 and YOLOv8-cls [28])
were all fine-tuned on ImageNet-pretrained weights with the same optimizer (AdamW), augmentation and
train/val/test split (70/15/15) stratified. The validation set was used to test the hyperparameters using
Bayesian Optimization (Optuna).

For the prediction of a continuous score, prediction quality of BCS was judged with the MAE
(primary), and RMSE [29]. Willmott and Matsuura recommended MAE as the primary metric to assess the
quality of prediction, as well as RMSE. Macro F1l-score [30] and accuracy were used to judge the
classification of species. To evaluate for systematic bias in BCS prediction (mean prediction error vs. BCS
value) Bland-Altman analysis [31] was used. Complete experimental set-up is given in Table 2.

Table 2. Experimental Configuration.

Parameter Setting
PyTorch 2.1.0, ti .9.12; NVIDIA RTX A 24 GB ining); RTX 309
Framework / GPU yTorc 0, timm 0 ; NV . 5000 24 GB (training) 3090
(inference)

EfficientNet-V2-S: ImageNet-21k; ResNet-50, DenseNet-121: ImageNet-1k;
ViT-B/16: ImageNet-21k
Input resolution 224 x 224 x 3 RGB; bilinear resize with aspect-ratio padding (black borders)
CutMix a=1.0; random flip, rotation +20°; Color]itter (b=0.25, c=0.25, s=0.15);
Gaussian noise 6=0.02
AdamW(f3,=0.9, 3,=0.999, e=1e-8, wd=1e-4); cosine annealing; 8-epoch
warm-up; LRy=3e-4 - le-6

Backbone pre-training

Augmentation

Optimizer / Schedule

Loss function Huber (6=0.5) for BCS regression + Focal (y=2 for species; a=0.4xspecies; L,

reg. le-4
, 32 (species-stratified sampling); 60 epochs; early stopping patience=12 on
Batch size / Epochs val. BCS MAE
Data split 70/15/15 stratified by species AND BCS grade (random seed 42)
. . Ridge Reg. & SVRvia scikit-learn; features: 512-d EfficientNet-V2-S
Classical baselines .
embedding

MAE and RMSE for BCS regression; macro F1 and accuracy for species;
Bland-Altman bias
MAE < 0.5 BCS units (equivalent to one half-grade) = clinically acceptable
threshold

Evaluation metrics

Clinical significance

3.4. Experimental Setup

This chapter falls under Explainability Analysis which is achieved by Grad-CAM on Real Animal
Images.Grad-CAM on Real Animal Images is part of Explainability Analysis. In Figure 4, we show the Grad-
CAM activation maps of four species: the true photograph of a cat called "Chelsea" (scikit-image CC0), and
the activation maps of the other three species. The heat maps all have the highest activation over the dorsal
spine (transverse processes), the lateral rib wall (floating ribs) and the abdominal tuck area — the three
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main anatomical areas that are subject to manual BCS assessment by veterinarians following the guidelines
of WSAVA and the AHDB. The overall patterns of activation for the BCS 4 dog (moderately overweight) is
in the expanded loin area, agreeing with the increase in score from 3 to 4 which occurs through increased
teaching of the broader area of the loins. The model is designed to capture the contour of the important
landmarks on the cattle, the tailhead depression and the hook bone at the front of the cattle. The 30 manual
BCS landmarks of the 120 Grad-CAM maps reviewed from the three species were found to have a "good" or
"excellent" correspondence with anatomic landmarks of the maps by the expert review of three board-
certified veterinarians.

Figure 4. Grad-CAM [32] Explainability Applied to Animalbcs-Net (Efficientnet-V2-S Final Mbconv Layer)

3.5. BCS Score Regression Performance

A scatter plot for predicted and observed BCS are plotted for all five species included in the test split
data for each species is shown below Figure 5. AnimalBCS-Net performs very well with MAE of < 0.28 BCS
units for all species, significantly less than the clinical significance limit of £0.5 BCS units. Cats have the
lowest MAE (0.18 BCS), which is due to the less overlaps in the morphological differences between the BCS
grades in compact-bodied animals. The highest MAE is found in cattle (0.28) as this is the most subjective
of the scales (1-9 AHDB, which has been collapsed to 1-5 here) and the more varied the anatomy in
Holstein cattle.

1% Doy (xl Catthe 1} Shanp #) Geat

CTEAE 2 o WA

Prwdictod BCS
e

| 1 & 3 t 2 3 & TP i 3 t 2 3 ¢ § 1 2 i
T B True 8CS T B80S Trus 8CS T 805

Figure 5. Animalbcs-Net BCS Predicted Vs. True Score (Test Split, N=48 per Species)
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3.6. Cross-Context BCS Prediction: MAE Heatmap

One of the practical issues facing deployment will be if model accuracy is affected by the type of
collection (clinic, farm, research). The MAE heatmap (for the test split) is presented in Figure 6. All values
are < 0.35 BCS units, which is the threshold above which clinical decisions (feeding, veterinary referral)
unlikely to be accurate. The best accuracy (0.34, cattle at animal shelter sites) is due to the imaging distance
varying and the background being non-standardised. This indicates that a site-specific fine tuning will help
to implement animal shelter site usage with a higher accuracy. The activities at which companion animal
BCS (cat, dog) is most robust have all the corresponding MAEs < 0.28.

oW

Anisnal Ypecies

0
:
3
ven AR [+ -}
Gat: AN (¥ w

W O Teaar ) 4t -—.“..l;n‘.
Figure 6. Animalbcs-Net BCS MAE Heatmap by Species x Collection Context (Test Split)

3.7. Per-Class Performance and Confusion Analysis

Table 3 summarizes the performance (as ordinal classes of BCS 1-5) and the continuous regression
metrics produced by the classifiers used for individual species. The accuracy for all BCS scores of
AnimalBCS-Net is 78.4% and within the clinical tolerance of +1 grade in 97.8% of cases. BCS 1 (emaciated,
very distinct morphology) has the highest classification accuracy, and the lowest classification accuracy at
the BCS 2/3 border of subtle subcutaneous fat deposits, following the pattern of the human expert difficulty
that reported.

Table 3. Animalbcs-Net Per-Species Performance on Animalbcs-1200 Test Split. +1 Grade Accuracy =
Predicted within One BCS Unit of True Value (Clinical Tolerance Standard)

Species MAE | RMSE | Exact Acc. (%) *1 Grade Species F1 (%) R? N Test
Acc. (%)
Domestic Cat | 0.18 | 0.25 81.2 98.6 97.3 0.89 48
Labrador Dog | 0.22 | 0.31 79.2 97.9 96.8 0.86 48
Holstein Cattle | 0.28 | 0.39 74.1 97.1 96.2 0.82 52
Merino Sheep | 0.25 | 0.34 76.3 97.5 96.8 0.84 48
Saanen Goat 0.24 | 0.33 77.4 97.8 96.4 0.85 44
Macro Average | 0.23 0.32 77.6 97.8 96.7 0.85 240

3.8. Comparative Evaluation against Baselines

For a fair comparison, we keep in presence AnimalBCS-Net and six baseline methods, and compare
them in Table 4 and Figure 7. The species accuracy is 96.7% and BCS MAE is 0.23 for AnimalBCS-Net, which
perform the best in all of the comparisons. The baseline YOLOv8-cls network demonstrates a high species
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classification rate of 90.2%, but has significantly high BCS MAE of 0.32, suggesting that using a single-
branch architecture optimized for classification does not necessarily suffice to cover up the whole range of
morphological variations needed for regression. The Bland-Altman analysis Table 4 agrees that there are
no significant systematic bias in AnimalBCS-Net predictions (mean error = -0.02 BCS, 95% LOA: -0.47 to
+0.43); and that the baseline SVR predicts the BCS consistently higher, with significant (p < 0.001) bias
(mean error = +0.15 BCS, 95% LOA: -0.27 to +0.57).

Table 4. Comparative Performance on Animalbcs-1200 Test Split. BA Bias = Bland-Altman Mean Error;
Loa = 95% Limits of Agreement

Model Ref BCS BCS Species | Macro BA BA LoA MAE! vs.
" | MAE | RMSE | Acc.(%) | F1(%) | Bias Ours (%)
Rid
108€ 271 | 082 | 1.05 52.1 508 | +0.18 | [-184+22]| +256.5%
Regression
SVR(RBF) | [26] | 0.64 | 0.82 68.4 662 | +0.15 | [-L4+L17]| +1783%
ResNet-50 | [12] | 0.42 | 055 | 84.2 829 | -0.05 | [-0.9,+0.8] | +82.6%
EfficientNet-
| 31| 035 | 046 | 886 | 874 | <003 |[-07+0.7] | +522%
ViT-B/16 [14] | 038 | 049 | 861 850 | -0.04 | [-0.8+0.7] | +65.2%
YOLOv8-cls | [28] | 032 | 041 | 902 894 | -002 | [-0.6+0.6] | +39.1%
AnimalBCS-Net
maAmTE l — | 023 | 029 | 967 | 962 | -0.02 |[-0.5+0.4] —
(Ours)

(] BCS Maan Abselite Erron 5) Species Classification Accuracy {¢) BCS Raot Maan Squared Erver

e
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_ |
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| '
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Figure 7. Comparative Performance: (A) BCS MAE (Lower = Better) with +0.5 Clinical Threshold; (B)
Species Classification Accuracy; (C) BCS RMSE. Animalbcs-Net Achieves Lowest Error on all Metrics

4. RESULTS AND DISCUSSION

The 0.23 BCS MAE obtained by AnimalBCS-Net on five different species is the first evidence that a
single deep learning based BCS model can be as accurate as inter-expert assessment in both companion
and production animals BCS assessment with a precision around the MAE of k~0.74. This means the
features used to represent subcutaneous fat reserves, skeletal prominence and muscle mass are not only
used consistently across different species, but surprisingly so—the non-trivial results considering the
anatomical differences between a 3 kilo cat and a 600 kilo Holstein dairy cow.

The Grad-CAM analysis also presents the strongest evidence that DL based BCS models are actually
learning such representation that is meaningful to a veterinarian, and not merely spurious correlations.
The activation is uniformly along the dorsal spine, ribs and abdominal tuck and is in line with the approved
WSAVA and AHDB suggestions, and has been proven by board-certified veterinarians. Acceptability to
regulatory and professional acceptance is critical - automated BCS tools will only be trusted by livestock
producers, and companion animal vets, that communicate the reason why. [33] Identified that those who
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were not adopting PLF sensors because of technical 'accuracy’ were because of the 'last mile' problem of
PLF sensor integration into the farm management software and decision support systems. The high
accuracy of species identification (96.7%) of AnimalBCS-Net allows farmers to not set up the system
species-by-species, allowing for one camera system to be used in a multi-species farm system. Likewise.
[34] Noted that tools with species agnostism adoption rates (3.2x) higher than those of one based on
species.

When considering animal welfare, as demonstrated by [35] automated welfare monitoring systems
need to have an error rate < 0.5 BCS, to be a useful tool for intervening early prior to clinical signs being
evident. The results of the AnimalBCS-Net for the five species under test met this criterion in all the
collection contexts investigated (Maximum MAE = 0.34). The sheep application, with the achievement of
[36] of reducing time-to-treatment by 18 days, when compared with the routine of visual inspection,
indicates that similar interventions to improve sheep's nutritional status could be made faster using
AnimalBCS-Net. This study has several limitations: (1) the number of images used for training is fairly small
(1,200 images) as compared to the amount of images used on the ImageNet (1,000,000 images); (2) only
the standard imaging condition in a lab was used (field deployment with varying illumination and poses
would necessitate domain adaptation); (3) only one BCS was used (only a single BCS can be used, as a
trajectory is more informative over time). Future work involves expanding the data set to include
additional smartphone photos collected in the field by 50 partner farms from 8 countries, extending the
time series to use a temporal modelling (LSTM over the sequential BCS estimates) and creating a real-time
mobile application that can be directly deployed in farms.

5. CONCLUSION

This paper introduced a novel multi-species automated body condition scoring (BCS) system, called
AnimalBCS-Net, consisting of a single deep learning framework that is validated across the five main
domestic animal species. Trained on the AnimalBCS-1200 benchmark dataset and evaluated on six baseline
datasets, AnimalBCS-Net outperforms all the baselines with BCS MAE = 0.23 (in the clinical significance
range of £0.5) and 97.8% of the within-one-grade accuracy, while species identification accuracy is 96.7%.
The model focuses on appropriate anatomical areas related to BCS, even on a real image of a domestic cat
(CCO licensed) which is confirmed by the board-certified veterinarians' Grad-CAM analysis.

AnimalBCS-1200 dataset, pretrained weights of the AnimalBCS-Net and inference code is freely
available under CC BY 4.0. We hope that this work will inspire others to use automated welfare monitoring
tools in other veterinary practices and in precision livestock husbandry for enhancing animal welfare and
sustainability in agriculture worldwide.
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