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Abstract; Accurately identifying the severity of strawberry leaf disease is essential for precise disease
control. However, methods based on image classification had a rough division of disease severity and
fuzzy classification boundary, while methods based on semantic segmentation had high computational costs
and long inference time. To address these problems, a real-time strawberry disease diagnosis method was
proposed based on interactive bilateral feature fusion network (IBFFNet). The IBFFNet was a lightweight
model containing a context path and a spatial path to extract semantic and detail features from the input
image , respectively. Furthermore, an attention spatial pyramid pooling module was constructed to extract
multi-scale semantic features from the context path, and an edge enhancement module was designed to
enrich edge detail information in the spatial path. Finally, the multi-scale semantic feature and detail
information were aggregated for precise leaf and lesion area segmentation. The percentage of lesions in the
leaf area was the estimated severity. The method achieved a promising trade-off between accuracy and
speed on the strawberry leaf disease diagnosis dataset. On the strawberry leaf disease diagnosis dataset,
the mloU of IBFFNet2_Seg was 77. 8% with 40. 6 {/s on a single NVIDIA GTX1050. In the test set, an
R? value ( coefficient of determination) of 0.98 was achieved, which denoted that the IBFFNet2 _Seg
could accurately predict the severity of the three diseases. This study paved the way for the precise
control of strawberry disease.
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Tab.2 Comparison results of IBFFNet and some
state-of-the-art lightweight models on validation

set of ImageNet

Top 1 i P/
AL S A

¥ BE/ % (fs7h)
ResNet — 18 69. 0 1.1x10" 1.8 x10° 172.2
ResNet — 50 75.3 2.4x10" 3.8 x10° 62.9
MobileNetV2 72.0 3.4x10° 3.0x10° 118.6
MobileNetV3 75.2 5.4x10° 2.2x10% 99.8
DDRNet23slim 70.2 7.6 x10° 1.0 x10° 111.8
DDRNei23 75.9 2.8x10"  4.0x10° 67.3
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STDC2 76. 4 1.9x107 5.1x%x10° 86. 2
IBFFNetl 72.6 6.8 x10° 9.9 x10° 189. 4
IBFFNet2 76. 1 1.1x10" 2.0x10° 100. 1

2.2.2 W ESEIVEREXT L

3BT 24 ek 1Y S i o FI AR R A
SLDDD il X4 I i Lo B Pk . P A A A0 3 78
ImageNet £ 4f5 48 1 347 Bl Y 25, O 06 FH 20 B % R
512 B FE <512 B R WG AE It Ao 5 H A 52 i
T SCATHI P28 AR LG, A 55 T £ 1 A5 R 7 S BIORG 2
(mloU) 2%k R e B o J3 1 45 3 7 58 4 i) AU A o
B AR UL, IBFFNetl _Seg K45 T fix iy 14 ffi 2l
61.9 /s, H 4 EK5 B 35 8] 74. 4% (%% BiSeNetV1'""
1.9 NE 45 IBFFNet2_Seg 7€ SLDDD il i 4

%3 IBFFNet_Seg 55Ei#f LA IE X 5 BI4 &
7£ SLDDD Uik &k E M S B RELL B E R
Tab.3 Comparison results of IBFFNet_Seg and some
state-of-the-art real-time segmentation models

on test set of SLDDD

T BTM4% mbU/% S st i/
(f-s™)
BiSeNetV1 ResNet — 18 72.5 1.3 %107 51.6
BiSeNetV2 71. 4 5.2 x10° 37.1
STDC1 _Seg STDCI 75.3 1.4 x107 49.7
STDC2_Seg STDC2 76.9 2.2 x107 40.0
DDRNet_Seg DDRNet23 76. 4 2.0 x 107 38.6
IBFFNetl _Seg IBFFNetl 74. 4 1.1x107 61.9
IBFFNet2_Seg IBFFNet2 77.8 1.6 x 107 40. 6
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Fig.9 Visual comparisons of edge enhancement effects in EEM
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Tab.5 Performance comparison of IBFFNet2_Seg with
EEM added at different stages

K Bt 2 BB 3 WrE: 4 wloUs% 20/
(f+s™)
75.5 43.8
v 76.2 41.7
v 76.5 41.7
4 76.9 41.7
v Y 77.3 41.1
v v v 7.8 40.6
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B4 Bl BE LL B
Tab.6 Performance comparison of IBFFNet_Seg2 under

different multi-scale contextual feature aggregation methods
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Fig. 10 Liner relationships between true severity and severity predicted by IBFFNet2_Seg
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