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Stacked Garbage Instance Segmentation Algorithm Based on TLF-YOLOvVS
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[ Abstract] Compared to image instance segmentation in general scenes, instance segmentation in complex stacked scenes is affected
by complex situations such as severe occlusion and stacking of similar objects, making instance segmentation more difficult. To solve
the problem of garbage instance segmentation in complex stacking scenarios, an instance segmentation algorithm combining YOLOv8
and two-layer feature network strategy was proposed. Firstly, the feature data was layered in the data preprocessing part, and the two-
branch feature fusion was realized through the graph convolutions network ( GCN) , which reduces the influence of stacking on the fea-
tures of the occluded objects, thus solving the instance segmentation problem under complex stack occlusion. At the same time, in or-
der to solve the problem that similar objects are easily confused, a soft threshold non-maximum suppression algorithm and a new inter-
section ratio algorithm were integrated. Finally, according to the complexity of application scenarios and data sets, the feature extrac-
tion module of the backbone network was optimized, and the multi-scale attention mechanism was introduced in the backbone network,
which effectively improves the detection performance of the model. In the experiment, examples of occlusive garbage classification were
used to segment the dataset. The experimental results show that this method outperforms other methods in terms of average accuracy,
average accuracy when the intersection to union ratio threshold is 0. 5 ( APy, ), and average accuracy when the intersection to union ra-
tio is 0. 5 ~0. 95 (AP, _,s). Compared with the original YOLOVS algorithm, the detection APy is increased by 7. 9% and the segmen-
tation AP is increased by 5.4% , which has better detection and segmentation effects.

[ Keywords| garbage stacking; double layer feature decoupling fusion; YOLOv8 algorithm; soft non-maximum suppression; wise-in-

tersection over union; expectation-maximization attention
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Table 2 Performance comparison of mainstream algorithms
Ak FET % mAP(Hi) APy (Kl) APy o5 (BEIN)  mAP(Z3#1) APy (23H])  APsy_os (331))
Mask-R-CNN ResNet-101-FPN 45.3 63.9 50.0 42.9 59.7 47.1
Cascade R-CNN ResNet-101-FPN 46.3 63.8 52.5 — — —
BCNet ResNet-101-FPN 48.5 65.6 52.1 45.1 61.3 49.2
ETHSeg ResNet-101-FPN 48.7 66.7 53.3 46.9 63.2 51.0
¥UZ DCT-Mask ResNet-101-FPN 52.6 68.7 — 49.2 65.9
YOLACT ResNet-101-FPN 46.9 64.6 47.2 44.7 61.7 59.1
YOLOv8n( seg) DarkNet-53 76.6 75.7 60.6 71.6 65.4 56.4
Solov2 ResNet50vd-DCN 46.7 64.3 46.9 47.5 63.2 59.5
A DarkNet-53 87.1 83.6 63.4 71.7 70.8 59.7
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