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tion aware convolution
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Abstract: The segmentation of plant leaves plays a crucial role in high-throughput plant phenotyping data acquisition
tasks. Currently, most methods for plant leaf segmentation focus on improving the accuracy of the segmentation model but o-
verlook the model’ s complexity and inference speed. In response to this issue, this study proposed an instance segmentation
model (ePaCC-Sparselnst) based on sparse instance activation and efficient position-aware convolution to achieve real-time
and accurate segmentation of plant leaves. In ePaCC-Sparselnst, a set of sparse instance activation maps was introduced as

the representation of leaf objects. A bipartite graph matching algorithm was employed to establish a one-to-one mapping be-

tween predicted objects and instance activation maps,
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HESTE 1% 1 RRE 34T H (61806097) thereby  avoiding the  cumbersome  non-maximum
VEER AT (1977-) AR BB T+ Rl 2, 5 NFE suppression (NMS) operation and improving the model’ s
AT N TGS, (E-mail) rensg@ njau.edu.cn inference speed. Additionally, an effective position-aware

BIRAEE I8 K, (E-mail ) 445305370@ qq.com circulate convolution (ePaCC) module was introduced into
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the instance branch, which increased the model’ s global receptive field and enhanced its inference speed. On the Komatsu-

na dataset, ePaCC-Sparselnst achieved an average segmentation precision (AP) of 85.33% and an inference speed of

43.52 frames per second ( FPS). Under the same training conditions, its performance surpassed instance segmentation al-

gorithms such as Sparselnst, Mask R-CNN, and Condlnst. Furthermore, on the CVPPP A5 dataset, ePaCC-Sparselnst a-

chieved better segmentation accuracy and inference speed than the aforementioned algorithms. The proposed method used a

pure convolutional architecture to achieve real-time leaf segmentation, which could provide technical support for obtaining

plant phenotypic data on mobile or edge devices.
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Fig.1 Part of leaf images to be segmented and their annotations in Komatsuna dataset
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ResNet-101 81.05 97.39 89.96 55.10 86.77 99.58 27.40
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Table 2 Ablation experiment results of encoder

PPM FAE RS AP( %) APso(%) AP;5(%) AP (%) AP, (%) AP(%) FPS
x x 84.06 97.93 91.71 59.56 89.07 99.74 45.23
x VvV 84.74 97.89 92.19 58.80 90.04 99.63 44.82
v X 84.81 97.97 92.71 60.26 89.82 99.78 43.64
vV vV 85.33 98.91 92.88 61.54 90.49 99.74 43.52
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Table 3 Ablation experiment results of decoder
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ik AP(%) AP4(%) APo5(%) AP (%) AP, (%) AP,(%) FPS
Sparselnst 84.87 98.44 91.78 60.33 90.08 99.73 41.00
Spaselnst+PaCC 85.16 98.86 92.78 61.63 89.91 99.88 42.19
Spaselnst+ePaCC 85.33 98.91 92.88 61.54 90.49 99.74 43.52
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Table 4 Effects of the number of layers of ePaCC on model performance

JZ2HL AP( %) AP (%) AP,5(%) AP (%) AP, (%) AP (%) FPS
1 85.33 98.91 92.88 61.54 90.49 99.74 43.52
2 85.43 98.94 92.89 61.57 90.52 99.72 40.55
3 85.00 98.95 92.74 60.72 90.00 99.73 37.39

AP APy AP,5 AP, AP AP, FPS W3 1 1,

2.6 ePaCC-Sparselnst 5 E#EEpG3T LL iR IS
{di ] Komatsuna 35 HEXT [t Mask R-CNN L4 K&
H AR Je i B SER SE) o3 0 7k . B Ja FEAR R Y

A AT HERE I 3, B X BB 5 SRk 5 oy
No
FH 5% 5 1, ePaCC-Sparselnst 32| 73 ¥ 53 4



486 H K&k 2% W]

2024 4 5 40 & B3 1

Komatsuna 30445 b1 FPS 355 43. 52, 1 5l 2 B
I F B89 0 B A T 22. 97 ms, 7] S 44 43 04 i
KENT 85.33%,, I £ LAY S 43 F] B3k Mask R-
CNN HLlf[&] - 1) 43 B ) 75 22 40. 93 ms, F- 3443 #]
KEEEALR 75.15% , WA ELE2K Mask R-CNN i
T Ee B JCTE T L S BRI R T

Ko X S FTACA AT Y 2 I SE ] 23 F 3R Cond-
Inst 1 SOLOv2, ePaCC-Sparselnst £ #E H 5% 74 4fi $
LA R R o3 BORG RE AT — R B B
AT LIAS HH 4518 | ePaCC-Sparselnst 75 ¥ B i A1 43
FITRE AR B AN I RBOR , R AITE RS ) o
TR G g ERRE AL T — M AT R

*R5 5 M4 L E K Komatsuna MK EM CVPPP A5 _FHIMIR & R

Table 5 Test results of five instance segmentation algorithms on Komatsuna test dataset and CVPPP A5 dataset

ik AR (%) s o (%) o %) "
Mask R-CNN Komatsuna 75.15 95.24 86.79 47.13 81.76 94.09 24.43
CondlInst 80.12 97.92 90.98 58.23 87.70 99.53 29.59
SOLOv2 82.64 97.87 91.04 56.33 88.65 99.54 30.52
Sparselnst 84.87 98.44 91.78 60.33 90.08 99.73 41.00
ePaCC-Sparselnst 85.33 98.91 92.88 61.54 90.49 99.74 43.52
Mask R-CNN CVPPP A5 48.00 84.68 49.86 40.05 56.71 28.28 22.22
CondInst 59.48 90.42 65.63 46.04 78.91 64.00 22.95
SOLOv2 52.20 72.65 60.50 32.79 71.61 51.75 26.68
Sparselnst 60.72 88.72 65.99 40.68 75.82 77.90 37.13
ePaCC-Sparselnst 63.12 88.44 68.22 42.86 78.32 80.64 41.63
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Fig.6 Comparison between segmentation results of five instance segmentation algorithms and ground truth
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Table 6 Comparison of computational complexity and the number

of parameters of five different models

ik RRIERIE BURSHEE TR
BH(G) (M) T (%)
Mask R-CNN 101.89 443 75.15
CondInst 93.11 34.1 80.12
SOLOv2 102.85 36.7 82.64
Sparselnst 73.64 31.6 84.87
ePaCC-Sparselnst 57.58 31.7 85.33
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