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I. INTRODUCTION 
 

The meat industry seeks to increase automation, targeting integration of robotics in processing lines considering the 

growing demand for non-contact hygienic production, reduction in waste and providing resilience to labour availability 

challenge [2,4]. Advances in computer vision and artificial intelligence (AI) can play pivotal roles in this transition, 

enabling a fresh perspective on the automation of traditionally manual tasks [3]. In many sectors, machine learning 

and deep learning techniques have revolutionized automatic object detection and segmentation, forming a new 

foundation for exploration of robotic applications in meat processing. Ongoing research continues to refine deep 

learning algorithms, driving significant innovation in the field. This study aims to compare two deep learning 

frameworks (i.e You Only Look Once (YOLO) and Detectron2), in detecting and segmenting carcass components of 

varying sizes, with potential downstream application in robotic processing and automatic cut-planning. 

 

II. MATERIALS AND METHODS 
 

At 24 hours post-mortem, RGB images were acquired from 118 beef carcass sides representing a range of 

categories (young bulls, cows, heifers, and steers), fat scores (2, 3, 4), conformation classes (E, U, R, O, P), and 

weights ranging from 122 to 297 kg. The images were captured in a single abattoir chill, under ambient lighting 

conditions on three dates. Each image was manually annotated to identify six key carcass components: carcass 

side, aitch bone, spine, rib cage, rib 5, and rib 10. Annotation was performed using Label Studio, an open-source 

tool that stores annotations in JSON format within a SQLite or PostgreSQL database [1]. The annotated images 

were then exported in formats compatible with Detectron2 (COCO format) and YOLOv8 (YOLO format). To account 

for dataset variability, 25 images were set aside as test data, while the remaining 93 images underwent augmentation 

techniques, including horizontal and vertical flipping, rotation, and adjustments in brightness and contrast, resulting 

in a final dataset of 465 images. This dataset was further divided into 410 images for training and 55 images for 

validation. Model training was conducted on Google Colaboratory using both the Detectron2 framework and 

YOLOv8. The trained models were subsequently used to predict the test images, and their performance was 

evaluated by calculating Average Precision (AP) for both bounding box detection and segmentation (masking). The 

evaluation was performed by comparing model predictions with ground truth annotations, using an Intersection over 

Union (IoU) threshold, which was incrementally increased in steps from 0.50  to 0.95. 

 

 
Figure 1. Work flow for model training, validation and testing 

 

III. RESULTS AND DISCUSSION 
 

The overall training accuracy for both models ranged between 80% and 95%, while the validation accuracy dropped 

to a range of 42% to 70% (Figure 2). In terms of test evaluation, the two models targeted different output parameters. 

Detectron2 provided detailed evaluation metrics, including Average Precision (AP) at multiple IoU thresholds and 

Average Recall (AR). In contrast, YOLOv8 offered a more comprehensive Precision-Recall analysis, incorporating 

confusion matrices and F1 confidence curves. As shown in Figure 2, AP values decreased as the IoU threshold 
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increased. Additionally, bounding box detection consistently outperformed segmentation, with AP values for 

bounding boxes being 3–5% higher at IoU = 0.5 and 12–17% higher at IoU = 0.50:0.95. 

 

 
Figure 2. Comparision of performances of Detectron2 and YOLO v8 in carcass componnet detection and segmentation 

Overall, YOLOv8 achieved 3–8% higher AP compared to Detectron2. At IoU = 0.50:0.95, YOLOv8 outperformed 

Detectron2 by 8.3% in bounding box detection and 3% in segmentation. The AP values varied depending on object 

type. YOLOv8 performed better for smaller or more precise carcass components, such as rib 5 and rib 10, showing 

an AP increase of 12–19%. Conversely, Detectron2 was more precise in segmenting larger structures, such as the 

carcass and rib cage, with an AP increase of 13–17%. 

 

Regarding computational efficiency, Detectron2 exhibited faster training times compared to YOLOv8. Detectron2 

completed 5,000 epochs in approximately 41 minutes, whereas YOLOv8 required 54 minutes for just 100 epochs, 

indicating a significantly higher computational demand for YOLOv8.  

 

IV. CONCLUSION 
 

Both Detectron2 and YOLOv8 demonstrated their effectiveness in detection and segmentation of larger carcass 

components like carcass sides, aitch-bone, spine and rib cage. Though YOLOv8 exhibited slightly better 

performance in detecting and segmenting the smaller components like rib5 and rib10, higher precision is desired for 

vision driven robotic application. However, the performance of both models could potentially be further improved by 

optimizing illumination conditions, which may enhance detection accuracy and consistency. 
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