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Introduction 

Improving carcass yield and prime cut weights is very important for the profitability and 

sustainability of the pork industry (Okumura et al., 2024). Accordingly, recent breeding 

programs have increasingly emphasized carcass and meat quality traits, motivating the 

evaluation of novel modeling strategies to improve their genetic prediction. (Miar et al., 2014). 

However, these traits typically require animal slaughter for assessment, limiting phenotypic 

data to progeny and reducing the accuracy of breeding value estimation for selection candidates 

(Ojo et al., 2025). To overcome this, image-based phenotyping provides a non-invasive 

alternative for collecting data directly from candidates, with the potential to enhance selection 

accuracy for carcass performance (Billah et al., 2025). Still, their genetic parameters, such as 

heritability and genetic correlations with economically important traits, must be well 

characterized to confirm their value as proxies or complementary traits within genetic 

evaluation pipelines (Moore et al., 2017; Stephansen et al., 2025). To address this challenge, 

this study aims to estimate genetic parameters for digital image traits and to evaluate their 

genetic associations with growth and carcass traits to assess the suitability of integrating image 

data into pig breeding programs. 

 

Materials & Methods 

Data Collection. Data was collected from 1,248 pigs aged 169–176 days at a commercial 

finishing farm in North Carolina operated by Smithfield Foods. Pigs originated from a 

commercial terminal line provided by Smithfield Premium Genetics and were produced using 

single-sire semen. During pre-slaughter management, an Intel RealSense D435 Depth Camera 

connected to an Nvidia Jetson Nano edge computer was used to automatically collect images 

over an electronic load cell scale, where animals were weighed, IDs captured via RFID ear 

tags, and tissue samples taken for genotyping using the Illumina PorcineSNP60 v2 BeadChip. 

Image acquisition was automated using a custom C++ program. For each captured frame, a 

depth matrix file, a corresponding color-coded depth map, and an RGB image were generated. 

After the images were collected, the animals were marketed to a Smithfield packaging plant, 

where hot carcass weight (HCW), belly weight (BLW), and boneless loin weight (LW) were 

individually collected. 

 

Digital Morphometric Feature Extraction and Prediction. A YOLOv8 classification model 

was trained to select the images where the pigs’ body was fully contained in the image and 

delete the ones with half bodies and non-pig images. The YOLOv8 segmentation model was 

trained to produce 2D segmentation masks from depth images, removing the background and 

the pig’s head, reducing noise and improving the generalizability of future predictions. Raw 

depth matrices were denoised and cropped by the corresponding predicted mask, followed by 

3D reconstruction into point clouds using NumPy-based camera projection. Point clouds were 

further built and cleaned using Open3D, including statistical outlier removal and geometric 

normalization. The final dataset included 9,936 depth images, their corresponding masks, and 
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point clouds, from which 154 statistical and morphological features were extracted from each 

image and averaged per animal. A total of ten digital morphometric features (DMF) were 

selected from depth images, 2D masks, and point clouds. From depth images, Body Distance 

and SD Body Distance captured the mean and variability of camera-to-animal distance, 

indirectly reflecting body height, while Kurtosis and SD Kurtosis described the uniformity of 

the dorsal depth profile. From 2D masks, Mean Area and SD Area quantified projected dorsal 

body size, and Perimeter represented the length of the animal silhouette in top view. From point 

clouds, Inverse Mean Body Height and Inverse Middle Body Height summarized dorsal 

surface proximity to the overhead camera, and Body Elongation quantified longitudinal body 

dominance. Features were selected based on low collinearity (pairwise r < 0.85) and moderate 

to high correlation (|r| > 0.3) with True Body Weight (TBW). Predicted Body Weight (PBW) 

was obtained using a Random Forest (RF) model trained with the selected DMF. Model 

performance was evaluated using the coefficient of determination (R²) and mean absolute error 

(MAE). A Leave-One-Out cross-validation scheme was used to avoid bias and overfitting in 

the genetic analyses when using PBW values. After feature importance analysis for body 

weight prediction, SD Body Distance, Top-view SD Kurtosis, Top-view SD area, and Body 

Elongation were removed from the final genetic analysis dataset. 

   

Genetic Evaluation of Digital Morphometric Traits. Genetic evaluations were conducted 

using a bi-trait single-step genomic BLUP (ssGBLUP) model implemented in BLUPF90+ 

(Misztal et al., 2002), with variance components estimated via AI-REML. A total of 44 models 

were fitted to evaluate all pairwise combinations of carcass traits and image-derived features. 

The general model used for genetic evaluation was: 

𝐲 =  𝐗𝐛 +  𝐙𝐚 +  𝐞          (1) 

where y is the vector of phenotypic observations, b is the vector of fixed effects, a is the vector 

of additive genetic effects, e is the vector of residuals, X and Z are the respective incidence 

matrices. The fixed effects included sex and contemporary group (considering birth farm and 

slaughter grade). Covariates included age at imaging and days until slaughter. Additive genetic 

effects were modeled using both pedigree and SNP genotypes from the 1,248 imaged animals. 

Random effects were assumed to follow multivariate normal distributions, with a ~ 𝒩 (0, H 

⊗ Σa) and e ~ 𝒩 (0, I ⊗ Σe), where H is the unified relationship matrix combining pedigree 

(A) and genomic (G) information, and Σa and Σe are the (co)variance matrices for additive 

genetic and residual effects, respectively. Narrow-sense heritability (ℎ²) for each trait was 

calculated as the ratio of additive genetic variance to total phenotypic variance (ℎ² =

 𝜎²ₐ / (𝜎²ₐ +  𝜎²ₑ)), and genetic correlation as 𝑟𝑎𝑖,𝑗
=

𝜎𝑎𝑖,𝑗

√𝜎𝑎𝑖
2  ∙ 𝜎𝑎𝑗

2
, where 𝜎𝑎𝑖

2  and 𝜎𝑎𝑗

2  are the 

additive genetic variances, and 𝜎𝑎𝑖,𝑗
 is the genetic covariance between traits. 

 

Results & Discussion 
The estimated heritability values for conventional and carcass traits were moderate to high, 

ranging from 0.22 to 0.62 (Figure 1). These estimates are in accordance with those found for 

growth traits in pigs in other populations, ranging between 0.13 and 0.73 (Lee et al., 2011; 

Ahmad et al., 2020; Li et al., 2022; Wang et al., 2025).  

The heritability estimates for digital morphometric features (DMF) ranged from 0.185 ± 0.06 

to 0.3 ± 0.07 (Figure 1), while heritability for PBW ranged between 0.215 ± 0.06 and 0.34 ± 

0.07, depending on other traits included in the analyses. These moderate to high heritability 

estimates indicate that both conventional and image-derived traits are under genetic control 

and can respond to selection (Falconer & Mackay, 1996). Further, the moderate heritability 

estimates observed for DMF and PBW reinforce the utility of digital phenotyping tools, 

particularly given their non-invasive nature and scalability (Billah et al. 2025).  
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Figure 1. Heritability (ℎ²) estimates ± standard errors for conventional, predicted, and digital 

phenotypic traits. Values represent means across bivariate models, excluding non-converged 

estimates.  

 

Previous studies have likewise shown that image-based phenotyping can be successfully 

applied to genetically distinct trait categories, including body dimensions (Gorssen et al., 2022) 

and behavior traits (Hollifield et al., 2024). Because these traits differ in their physiology and 

genetic architecture, their heritability estimates are not directly comparable with those obtained 

for body-mass-related digital traits in this study. Despite the slightly lower estimates for some 

image traits, the consistency with previous reports highlights their potential as reliable proxies 

for more invasive or costly measurements, although further validation analyses are still 

required (Billah et al. 2025). 

PBW, Area, Perimeter, Body Distance, and Kurtosis exhibited high absolute genetic 

correlations with true body weight (0.58-0.71), and HCW (0.51–0.59), reinforcing their 

potential as indirect selection criteria for body mass (Figure 2). As expected from the top-

mounted camera setup, distance-related features (Body Distance, Inverse Mean Body Height, 

and Inverse Middle Body Height) were strongly and negatively correlated with most carcass 

traits, since larger animals appear closer to the camera and thus register lower values for these 

features (Figure 2). Kurtosis, reflecting pig body morphology that tends to flatten with growth, 

demonstrated strong potential as a proxy for TBW, HCW, and BLW (Figure 2). 

Digital imaging traits have been shown to capture relevant genetic variation in economically 

important traits, with moderate to high genetic correlations (0.35–0.92) reported between 

digital traits and carcass-related weights (Pabiou et al., 2012; Moore et al., 2017; Gorssen et 

al., 2022). Because carcass traits require slaughter for phenotyping, data collection is limited 

and logistically challenging, often resulting in smaller reference populations, reduced accuracy 

of breeding values, and longer generation intervals (Gordo et al., 2016; Ojo et al., 2025; 

Bedhane et al., 2023). In contrast, image-based digital phenotyping offers a non-destructive, 

high-throughput, and low-cost alternative, allowing measurements on large numbers of 

animals early in life (Billah et al., 2025; Naserkheil et al., 2021).  Therefore, despite digital 

morphometric features generally having lower heritability than carcass traits, the observed 

genetic correlations in this study support their use as effective indirect selection tools for 

improving carcass-related outcomes. 
 

Conclusions 
Image-based traits showed moderate heritability and strong genetic associations with TBW 

and carcass weights, supporting their use as proxies for carcass merit. Unlike TBW, these 

traits can be collected automatically and noninvasively, capturing morphological variation 

beyond body mass and enabling large-scale, high-frequency phenotyping in commercial 

settings. 
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Figure 2. Pairwise genetic correlations among image-based, growth, and carcass traits. Blank 

squares represent trait combinations that were not considered or did not converge in the mixed 

model analyses. 
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