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Introduction 

Accurate phenotyping is the cornerstone of genomic selection and the long-term economic 

sustainability of the cattle industry (Cole and VanRaden, 2018; Aquilani et al., 2022). Among 

the various traits relevant to beef cattle production, body weight directly influences market 

value and is a critical trait for both management and genetic selection decisions. Despite the 

transformative impact of genomic selection over recent decades, the post-genomic era has not 

yet resolved the limitations of traditional phenotyping; body weight is still recorded through 

physical scales that require cattle handling. This method of weighing is not only labor-intensive 

but can also induce significant handling stress, which may negatively impact animal welfare 

(Grandin and Shivley, 2015). Such constraints highlight the need for automated, non-invasive, 

and cost-effective phenotyping solutions that can operate at the scale required for modern 

genetic improvement programs. 

Depth-imaging technology has emerged as an alternative for next-generation phenotyping, 

providing high-resolution three-dimensional data by measuring the distance between a sensor 

and the animal’s surface (Fernandes et al., 2020; Brown-Brandl and Condotta, 2023). This 

technology enables automated extraction of precise biometric traits, including body projected 

volume, surface area, height, length, and width (Xiong et al., 2023; Li et al., 2024). These 

biometric traits have demonstrated high predictive accuracy for body weight in beef cattle 

(Cominotte et al., 2020, 2023; Xiong et al., 2023). To date, however, the heritability of this 

digital body weight trait and its genetic correlation with conventional body weight have not 

been fully characterized for integration into genomic evaluation routines in beef cattle. Thus, 

the objective of this study was to test different analytical approaches to predict digital yearling 

body weight from image-derived biometric traits, estimate genetic parameters for both 

conventional and digital traits, and evaluate the consistency of the estimated breeding values 

rankings.  

 

Materials & Methods 

Data were collected from 534 commercial Angus steers at the University of Illinois Urbana-

Champaign Beef and Sheep Research Field Laboratory. Cattle had their body weight (BW) 

assessed at yearling and were video-recorded as they exited the scale following weighing. A 

RealSense D455 depth camera, mounted in a nadir (top-down) orientation at 3.5 m height 

above the scale exit, was used for video capturing, ensuring a consistent focal view of the 

animal’s dorsal surface (Figure 1). Videos were recorded using the Intel® RealSenseTM Viewer 

software at 30 frames per second and a resolution of 848 x 480 pixels. The animal study was 

approved by the University of Illinois Institutional Animal Care and Use Committee.  

The extraction of biometric traits, including body projected volume (PV), surface area (SA), 

height (HE), length (LE), and width (WI), was performed using a custom Python-based 

pipeline. Given that the cattle were in motion as they exited the scale, the raw video stream 

contained images in which the animal was either partially visible or entirely absent (Figure 1). 

A deep learning-based binary classifier was implemented to automatically filter images, 

retaining only those where the entire body was within the field of view. Following image 
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selection, a semantic segmentation model developed by Elluru et al. (2025) was applied to the 

depth images to isolate the cattle body from the background. This architecture utilized a self-

supervised deep learning framework; the model was initially pre-trained on thousands of 

unlabeled images to establish generalized cattle-specific features. Subsequently, the network 

was refined using few-shot learning on a manually labeled dataset of approximately 200 

images. This two-stage training approach enabled the generation of precise binary masks that 

isolated the cattle torso while excluding the head and tail, as shown in Figure 1. The generated 

binary masks were mapped onto the corresponding depth images, effectively setting all 

background pixels to 0 (Figure 1). Before calculating final biometric traits, all depth values 

were converted from millimeters to meters. 

 

 

For the final analysis, BW and biometric traits (PV, SA, HE, LE, and WI) were merged into a 

single dataset, excluding any individuals with incomplete records. A total of 512 cattle have 

completed data for the analysis. To evaluate the predictive ability of these image-derived 

biometric traits, seven analytical approaches were employed: linear regression, partial least 

squares regression, elastic net, random forest, support vector machine, gradient boosting, and 

neural networks. These models were selected because they capture a range of relationship 

patterns, from linear to complex nonlinear, between biometric traits and the target phenotype.  

To evaluate predictive performance, a 5-fold cross-validation strategy was implemented. The 

folds were constructed such that all animals from the same pen were assigned exclusively to 

either the training or the testing set. This pen-level partitioning prevents data leakage or carry-

over effect and ensures the model is tested on groups that were not represented during training. 

The process was repeated five times, ensuring each fold served as a testing set once. The model 

performance and agreement between observed and predicted values were quantified using the 

coefficient of determination (R2), the regression slope, the mean absolute error (MAE), and the 

root mean square error (RMSE). 

To evaluate the genetic basis of the digital BW, variance-covariance components were 

estimated using a two-trait animal mixed model. The model included the conventional and 

digital BW as the dependent variable, the fixed effect of contemporary groups (cattle born in 

the same year and managed in the same pen), and animal age at the BW measurement as 

covariable (linear and quadratic effects), and animal as a random effect. The two-trait animal 

model provides the information needed to calculate the heritability (h2) and the genetic 

correlation (r) between the two traits. Additionally, estimated breeding values (EBV) for each 

trait were predicted by the model. The animal model can be described as:  

𝒚 = 𝑿𝜷 + 𝒁𝒖 +  𝜺                (1) 

where 𝒚 represents the vector of phenotypic observations (conventional and digital), 𝜷 is the 

vector of fixed effects (contemporary group and age), 𝒖 is the vector of random additive genetic 

effects, and 𝜺 is the vector of random residual effects. Matrices 𝑿 and 𝒁 are incidence matrices 

relating 𝒚 to 𝜷 and 𝒖, respectively. Random effects were assumed to follow a multivariate 

normal distribution defined as 𝒖 ~𝑁(0, 𝑮 ⨂ 𝑨) and 𝜺 ~𝑁(0, 𝑹 ⨂ 𝑰), where 𝑮 is the additive 

variance-covariance matrix for each trait (conventional and digital), 𝑨 represents the numerator 

Figure 1. Example of undesired depth image with partial animal body framed in the image 

(left), desired image (middle), and segmented binary mask (right). 
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relationship matrix derived from the pedigree, 𝑹 is the residual variance-covariance matrix for 

the traits, 𝑰 is an identity matrix, and ⨂ is the Kronecker product. 

Furthermore, we assessed the h2 of the measurement error (ME), defined as the difference 

between the scale-recorded and digital BW. These errors arise from uncertainties in the digital 

BW measurement, which are expected to be random and non-genetic. The h2 of ME was 

estimated using a single-trait animal mixed model using the same fixed and random effects 

described for the two-trait model. Heritability close to zero or zero indicates that the error in 

predicting digital BW is non-genetic. Moreover, the concordance correlation coefficient (CCC) 

was calculated to quantify the agreement and re-ranking consistency between the EBV 

rankings of the conventional and digital BW. High CCC values indicate that digital BW 

provides a viable alternative to genetic selection without sacrificing ranking accuracy. All 

variance-covariance component estimations and EBV prediction were performed using the 

BLUPF90 suite of programs (Misztal et al., 2014). 

 

Results & Discussion 

All analytical approaches evaluated in this study demonstrated robust predictive performance 

for yearling body weight (BW) in the testing set, as summarized in Table 1. The models 

achieved high accuracy, with coefficient of determination (R2) values ranging from 0.92 to 

0.96 and mean absolute error (MAE) ranging from 9.98 kg to 12.31 kg. Linear regression, 

partial least squares, and elastic net emerged as the top-performing approaches, each yielding 

an R2 of 0.96. While the partial least squares model technically exhibited the highest precision, 

with the lowest prediction error (MAE = 9.98 kg; RMSE = 12.87 kg), the linear regression and 

elastic net models also performed nearly identically (Table 1). Specifically, the linear model 

achieved an MAE of 10.12 kg, which represents a relative error of approximately 2.12% of the 

mean yearling BW (478.50 kg). 

The predictive accuracies achieved in this study represent a significant advancement over 

previously reported values for predicting BW based on biometric traits in beef cattle. Previous 

studies using various depth-imaging and modeling approaches have reported R2 values ranging 

from 0.30 to 0.87 (Cominotte et al., 2023; Xiong et al., 2023; Yusuf et al., 2023). The superior 

performance observed here (R2 up to 0.96) suggests that the biometric traits extracted using 

our in-house Python pipeline might provide a more refined representation of animal 

morphology. Despite marginal numerical gains from machine learning approaches, the linear 

regression model is identified as the most viable candidate for widespread on-farm 

implementation. Compared to machine learning approaches, such as gradient boosting or 

neural networks, the linear model is computationally efficient, requires no hyperparameter 

tuning, and can be easily integrated into real-time edge computing environments. These 

characteristics make it a robust and accessible choice for producers operating in settings with 

limited computational resources. 

The genetic analysis confirmed that digital BW is a high-fidelity proxy for scale-measured 

yearling weight. Heritability estimates were similar for both scale-measured (0.47) and digital 

(0.49) traits, and the genetic correlation between the two was high at 0.98. This near-perfect 

correlation suggests that both phenotyping methods are capturing the same underlying additive 

genetic signal. Furthermore, the low heritability of the measurement error (h2 = 0.001) indicates 

that the difference between the predicted and observed weights, i.e., the prediction error, are 

non-genetic and likely result from random environmental factors. From a selection standpoint, 

the high concordance correlation coefficient (0.97) for EBV rankings demonstrates that using 

digital weights for genetic evaluation would result in minimal re-ranking of animals. 

Consequently, this technology can be confidently integrated into beef cattle breeding programs 

as a high-throughput alternative to traditional weighing. 
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Table 1. Performance of different analytical approaches in the testing set for predicting 

yearling body weight in commercial Angus cattle based on projected volume, flat surface area, 

length, average width, and average height biometric body traits extracted from depth images. 

Approaches R2 Slope MAE (kg) MAE (%) RMSE (kg) 

Linear Regression 0.96 1.00 10.12 2.12 12.92 

Partial Least Squares 0.96 1.00 9.98 2.09 12.87 

Elastic Net 0.96 1.00 10.06 2.10 12.88 

Random Forest 0.94 1.01 12.06 2.52 15.05 

Support Vector Machine 0.95 1.02 10.79 2.25 13.69 

Gradient Boosting Machine 0.94 1.00 11.73 2.45 15.03 

Neural Networks 0.92 1.00 12.31 2.57 17.69 
R2 = coefficient of determination, Slope = regression slope of the observed and predicted values representing 

systematic bias, MAE = mean absolute error, and RMSE = root mean square error. 
 

Conclusions 

The implemented depth-imaging phenotyping successfully generated digital yearling weights 

that are genetically synonymous with traditional scale-measured yearling body weight. High 

genetic correlations and consistent breeding value rankings demonstrate that this non-invasive 

technology can effectively replace the conventional body weight trait in beef cattle selection 

programs. Consequently, this approach provides a high-throughput solution that reduces labor 

and animal stress without compromising the accuracy of genetic evaluations. 
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