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Anchor-free instance segmentation algorithm
based on YOLACTR

Mei Tingl‘z, Zhao ]ingweil‘z, Lin Shanling”*, Xie Ziyul’z, Lin Zhixian"**, Guo Tailiangl’2
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?Fujian Science & Technology Innovation Laboratory for Optoelectronic Information of China, Fuzhou, Fujian 350108,
China;

*School of Advanced Manufacturing, Fuzhou University, Quanzhou, Fujian 362200, China

Abstract: Aiming at the problem that the single-stage YOLACT algorithm based on bounding box detection lacks
the location and extraction of the region of interest, and the issue that two bounding boxes overlap and are difficult
to distinguish, this paper proposes an anchor-free instance segmentation method based on the improved
YOLACTR algorithm. The mask generation is decoupled into feature learning and convolution kernel learning, and
the feature aggregation network is used to generate mask features. By adding position information to the feature
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map, multi-layer transformer and two-way attention are used to obtain dynamic convolution kernels. The

experimental results show that this method achieves a mask accuracy (AP) of 35.2% on the MS COCO public

dataset. Compared with the YOLACT algorithm, this method improves the mask accuracy by 25.7%, the small

target detection accuracy by 37.1%, the medium target detection accuracy by 25.8%, and the large target detection
accuracy by 21.9%. Compared with YOLACT, Mask R-CNN, SOLO, and other methods, our algorithm shows
significant advantages in segmentation accuracy and edge detail preservation, especially excelling in overlapping

object segmentation and small target detection, effectively solving the problem of incorrect segmentation in

instance boundary overlap regions that traditional methods face.

Keywords: YOLACT; anchor-free instance segmentation; dynamic convolution; Transformer
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Table 1 Experimental environment configuration

Operating system  Framework CPU Memory Video memory Python CUDNN CUDA
Ubuntu 20.04.3 LTS Pytorch AMD EPYC 7601 NVIDIA GeForce RTX 3090 x2 32 GB 48 GB 3.8.10 8.0.5 11.0
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Fig. 7 Object detection results
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Fig. 8 Instance segmentation detection results
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A2 FRMXLHAEFeyndLER
Table 2 Segmentation results under different loss

function configurations

43 RF) Transformer &4t %] 4 %
Table 3 Segmentation results with different numbers of

transformer layers

Loss function configuration API% APsy/% AP;¢/%
Replace dice loss 3.0 4.8 3.6
Replace focal loss 11.5 23.8 10.2

Dice loss + focal loss 12.7 26.9 10.9

Transformer layers AP/% APs/% AP;sl% APsl% APW% AP%

2 layers 127  26.9 10.9 1.0 5.1 289

6 layers 141 293 12.4 20 6.6 34.7
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Fig. 9 Loss variation curves under different loss
function configurations
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Fig. 10 Different curves for 2- and 6-layer Transformer models. (a) Loss variation curves; (b)Accuracy variation curves
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Fig. 11 Schematic diagrams of the decline of each loss during the training process. (a) Total loss curve;
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Fig. 12 Mask detection accuracy rise graph
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% 4 £ COCO #4B%E Loy Eh 557

Table 4 Instance segmentation results on the COCO dataset

Network model API% AP:/% AP;5% AP4/% AP/ % AP %
YOLACT 28.0 46.2 29.1 8.9 30.2 47.0
Mask R-CNN 30.5 51.1 32.1 14.2 34.1 431
YOLACTR 29.1 48.7 30.0 10.2 314 46.8
PolarMask™” 30.4 51.9 31.0 13.4 324 428
SOLO 33.1 53.5 35.0 12.2 36.1 50.8
Querylnst 375 58.7 40.5 18.4 40.2 57.2
Mask2Former 429 65.3 46.0 221 46.3 64.8
Proposed algorithm 35.2 55.4 37.5 12.2 38.0 57.3
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Fig. 13 Comparison diagrams before improvement (left) and after
improvement (right)
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Fig. 14 Comparison diagram of instance segmentation results 1
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Fig. 15 Comparison diagram of instance segmentation results 2
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Anchor-free instance segmentation algorithm
based on YOLACTR
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Comparison of instance segmentation results 2

Overview: This paper proposes an anchor-free instance segmentation algorithm based on YOLACTR to address the
limitations of the single-stage YOLACT algorithm in instance segmentation tasks. Traditional YOLACT algorithms rely
on bounding box detection, suffering from precise localization of regions of interest and facing difficulties in
distinguishing overlapping instances, which constrains detection accuracy. This research decouples the mask generation
process into parallel tasks of feature learning and convolution kernel learning, abandoning traditional bounding box
detection methods and adopting a more natural mask representation approach.

In the algorithmic implementation, random positional embedding techniques are employed to enhance the position
sensitivity of feature maps, utilizing a six-layer Transformer structure to process spatial information, simultaneously
generating dynamic convolution kernels and category information. The feature aggregation network integrates bottom-
layer features from the feature pyramid and high-level features from the prediction network, optimizing feature
expression capabilities through channel-spatial (CS) attention modules. For the loss function design, the research
implements a combination of focal loss for classification tasks and dice loss for mask generation.

The network architecture consists of four primary components: a multi-scale feature generation network utilizing
ResNet and feature pyramid networks; A mask generation network combining transformer with feature aggregation; A
prediction network incorporating positional information to generate dynamic convolution kernels; Auxiliary network
structures to enhance overall performance. This design allows for more effective handling of spatial relationships and
instance boundaries compared to traditional anchor-based approaches.

Experimental results on the MS COCO dataset demonstrate that this method achieves a mask accuracy (AP) of 35.2%,
representing a 25.7% improvement over the YOLACT algorithm. Specifically, the detection accuracy for small targets is
improved by 37.1%, for medium targets by 25.8%, and for large target by 21.9%. When compared to algorithms such as
Mask R-CNN, YOLACTR, and SOLO, this method shows advantages in segmentation accuracy and edge detail
preservation. It performs exceptionally well in handling overlapping objects and small target detection, effectively
addressing the segmentation issues in instance boundary overlap regions faced by traditional methods.

This paper effectively overcomes the limitations of traditional bounding box methods by decoupling the mask
generation process and introducing anchor-free design, achieving balanced performance in instance segmentation tasks
across different scales of objects, particularly improving small target detection capability and boundary differentiation of
overlapping objects.
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