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Abstract: To address the automated detection needs in egg quality assessment and laying hen rearing condition monitoring,
this paper proposes the YOLOvVS-CTAC model to solve the problem of automatic segmentation of rough calcified matter on
the surface of sand-shelled eggshells. Aiming at the shortcomings of YOLOvVS8s-Seg model in handling multi-scale
information, feature expression, and attention to key regions, this study optimizes the feature extraction and expression
ability of the model by integrating the Scale Sequence Feature Fusion (SSFF) module, Triple Feature Encoding (TFE)
module, and Channel and Position Attention Mechanism (CPAM) module. Meanwhile, to cope with the sand shell category
imbalance problem, the Varifocal Loss (VFL) function is introduced. The experimental results show that the YOLOv8-CTAC
model exhibits significant improvements in both bounding box and mask evaluation aspects. Compared to the YOLOvVS8s-Seg
model, it achieves enhancements of 6.7% in accuracy, 8.3% in recall, and 7.4% in mean Average Precision (mAP) for
bounding box evaluation. For mask evaluation, it improves by 8.3% in accuracy, 8.9% in recall, and 8.2% in mAP.
Moreover, compared to mainstream algorithms such as Mask R-CNN, SOLOv2, YOLOv8n-Seg, and YOLOv8s-Seg, it
achieves an average improvement of 3.2%, 10.1%, 10.3%, and 6.7% respectively in mAP, significantly enhancing the
detection performance in complex sandy-shell regions. This provides robust technical support and methodological assurance
for the automated detection and segmentation tasks of sandy-shell eggs.

Keywords: Deep learning; multi-scale feature extraction; image segmentation; YOLOvS8s; sand-shelled eggs
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Fig. 1 Data collection example diagram
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Table 3 Ablation experiment

5% Model HEBHR/% Precision M1 /% Recall SEEIREUEREF{H/% mAP

VFL TFE SSFF  CPAM Box /K Mask 7KF- Box /K- Mask 7KF- Box /K Mask 7K F-
x x x x 63.3 59.6 59.5 56.6 65.8 624
N x x x 63.5 60.5 61.6 57.9 66.3 652
N N x x 65.7 62.8 62.3 582 67.6 66.3
N x N x 64.9 61.2 61.7 58.0 66.5 65.9
N N N x 68.9 65.0 62.3 58.5 68.9 67.4
x N N N 67.1 65.6 624 59.5 69.2 68.0
N J N N 69.0 67.9 67.8 65.5 732 70.6

PRI AN P ISLAC SRS , N 7 RIS ) S92

Note: “x”indicates not using the corresponding strategy , and“y” indicates using the corresponding strategy.
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WU FEX R B REEE . BT £k
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SRT SRS W FE YA - B N BRI RR i
K 6T RIR VP SR IX 3 (Point) , AR SRR TR
Box Al Mask 2% 7l [ #E 1 22 73 ) A\ 59.6% #l
57.8% T 2 64.3% 1 60.7%, 73 [ Z& 5,73 51 A
55.6% A1 52.1% 3R TF 4 59.4% F1 57.3% , V- EA v
FEIE AT B B T, I X BN 52 s
TRRIAEAE 1. RIFERT LAE AR SO AR X 5
SRR AR TR VD 7 X I (Area) R BLH T 48 5
FIMERE -
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Table 4 Comparison of segmentation performance of different sand shell categories

HERI2R/% Precision 7 913/% Recall SR U BE B /% mAP
157 Model
Box(v8)|(our) Mask(v8)|(our) Box(v8)|(our)  Mask(v8)|(our) Box(v8)|(our)  Mask(v8)|(our)
S Edge 85.2/84.6 82.4/82.2 78.5/77.2 75.4/75.0 83.3)82.4 81.2/80.3
4R Point 59.6/64.3 57.8160.7 55.6/59.4 52.1/57.3 57.6/63.5 56.4/62.8
[t Area 73.8/74.2 7241735 69.7/71.5 65.9169.5 70.2/73.8 71.2/72.6

R A V8RR JF LA A YOLOVSs-Seg 1527 , our R F A LT AR AL

Note: In the table, v8 represents the original YOLOv8s-Seg model, while our represents the model used in this paper.
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Fig. 9 Comparison of segmentation effects between the original model and the improved model
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Table 5 Performance comparison of different segmentation models

" IR HE LA % HIRER/% ZHE/M AR/ NVMB

175 Models ]
mAP Recall Params Model size

Mask R-CNN 68.3 65.1 46.3 351.3
SOLOvV2 61.4 59.4 41.5 338.1
YOLOvV8n-Seg 61.2 59.8 3.2 6.5
YOLOV8s-Seg 64.8 62.3 11.2 22.8
YOLOvV8-CTAC 71.5 65.7 12.3 234

AR SCRLRYLE RS B VD 7 X 3k o EE 55, 3
s E 75 24118 %5 Mask R-CNN. SOLOv2. YOLOvS
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DX A A 10 5 24 A o AE 25 R B A FEE ) s R
RAER T, Sk s AR I N ER K S, 1
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