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Fig. 1 The diagram of image processing
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Fig.2 The diagram of image preprocessing
a*: Channel of the CIELAB color space.
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Fig.3 Computation of the first-order moment variation rate of the a—channel in the Lab color space
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Fig.4 Architecture of the conventional deep learning model

(a) Conventional visible light image recognition model. (b) Two-branch visible light image recognition model.
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Fig.5 Three—channel visible light image recognition model (using HSV color space as an example)
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(a) L-channel data after lesion segmentation
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(b) a-channel data after lesion segmentation
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(c) b-channel data after lesion segmentation
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Fig. 6 Temporal variation of Lab color moments in inoculated chili and tomato leaves
The sampling interval (A¢) was 12 h for the periods 0—12 h and 92-152 h, and 8 h for the period 12-92 h. Change rates are expressed in units of value
per At.
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Table 1 Mean first—order moment change rate across color channels in tomato and chili leaf images

Rate of change RGB color space Lab color space HSV color space
R G B L a b H S \%
H, 0.28 0.22 0.20 0.26 0.03 0.01 -0.06 -0.46 0.22
1, 0.32 -0.92 -0.03 -0.82 0.64 -0.62 -1.00 -3.97 -0.76
D, 0.04 1.14 0.23 1.08 0.61 0.63 0.94 3.51 0.98
H, 0.33 0.37 -0.04 0.40 -0.06 0.19 -0.11 0.83 0.37
1, 0.43 -0.63 0.16 -0.53 0.55 -0.53 -0.70 -4.25 -0.62
D, 0.10 1.00 0.20 0.93 0.61 0.74 0.59 5.08 0.99
P 0.05 0.80 0.15 0.44 0.26 0.30 0.10 0.70 0.20

H and I , represent the

average rate of change in color features for healthy and inoculated leaves of chili (n=1) and tomato (n=2), respectively,

across color channels x =(R,G,B,L,a,b,H,S,V). D =1H -1, denotes the absolute difference between healthy and inoculated leaves.

P_indicates the proportion of each channel’s D, in the corresponding color space, e.g., P, = (Dy; + Dy, )/ (D + Dy + Dy + Dy + Dy + D).

Change rate of the first-order moment

21.80
o—o0 :Chili

20+ e—ao :Tomato

The sampling interval (Af)

of value per At.

1220 28 36 44 52 60 68 76 84 92 104 116 128 140 152

Fig. 7 Absolute change rate of S channel in inoculated leaves over time

was 12 hours for the periods 0-12 h and 92-152 h, and 8 hours for the period 12-92 h. Change rates are expressed in units

Table 2 Performance comparison of early blight recognition models for tomato and chili (pre— and post—optimization)

Model Training set Test set
Sample size Accuracy/% Sample size Accuracy/%
Before optimization 0.05R+0.8G+0.15B 754 79.18 253 69.96
0.44L+0.26a+0.3b 754 74.14 253 69.57
0.1H+0.7S+0.2V 754 83.82 253 74.31
After optimization 0.05R+0.8G+0.15B 3000 80.63 253 80.24
0.44L+0.26a+0.3b 3000 84.06 253 85.77
0.1H+0.7S+0.2V 3000 84.13 253 84.98
80.86%, fE L-a-b B4 2 [A] T Hir A BE RIS RI AR A2 DA = S SRS RN 2 7 MR

P15 45 2] f10 38 4 LB E B SR 40 1 Ok 85.77% AL BERGTRE IR S AN Ko R AR IR, )
85.16%, TFH-S-V Itz [a] ML RBIER RS XL 5 AR AN R ACE 9 R-G-B Bl (%55
A 84.98% F1183.98%, ULEHRBRE D FIXS ARG, [A] . L-a-b €445 (A A1 H-S-V B 4 2 [A] =3l 16 7))
2 SRGHIERE Sl ATE R ] i BEAUAEMAAE ) R ES REAT T 00 (4).
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Table 3 Performance comparison of early blight recognition models for tomato and chili under different datasets

Model Training set Test set
Sample size Accuracy/% Sample size Accuracy/%
Lesion images 0.05R+0.8G+0.15B 3000 80.63 253 81.65
0.44L+0.26a+0.3b 3000 84.06 253 85.77
0.1H+0.75+0.2V 3000 84.13 253 84.98
Original image 0.05R+0.8G+0.15B 3000 75.33 253 80.86
0.44L+0.26a+0.3b 3000 82.37 253 85.16
0.1H+0.758+0.2V 3000 82.33 253 83.98

Table 4 Testing accuracy with different color channel combinations

Color space  Channel Architecture Tomato incubation/%  Tomato pathogenesis/%  Chili incubation/%  Chili pathogenesis/%
R-G-B Single R 25.00 81.03 50.00 65.71
G 83.33 92.24 72.22 71.43
B 3333 70.69 44.44 67.14
Three 0.05R+0.8G+0.15B 91.67 90.52 83.33 72.86
0.3R+0.4G+0.3B 83.33 87.07 33.33 66.43
0.33R+0.33G+0.34B 41.67 84.48 77.78 65.00
0.2R+0.6G+0.2B 50.00 85.34 72.22 72.86
L-a-b Single L 58.33 80.17 50.00 68.57
a 66.67 81.90 72.22 73.67
b 58.33 81.90 77.78 74.29
Three 0.44L+0.26a+0.3b 91.67 96.55 94.44 75.71
0.33L+0.33a+0.34b 58.33 89.66 88.89 75.71
0.6L+0.2a+0.2b 66.67 87.93 83.33 72.86
0.8L+0.1a+0.1b 33.33 83.62 77.78 71.43
H-S-V Single H 41.67 87.07 61.11 61.43
S 83.33 88.79 66.67 68.57
v 66.67 85.34 66.67 67.14
Three 0.1H+0.78+0.2V 100.00 93.10 88.89 76.43
0.3H+0.45+0.3V 83.33 87.93 61.11 68.57
0.33H+0.33S+0.34V 83.33 92.24 72.22 65.00
0.2H+0.65+0.2V 66.67 92.24 77.78 75.00
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Table 5 Test accuracy of several deep—learning models on our dataset classification

Color space Architecture Parameters Tomato incubation/%  Tomato pathogenesis/%  Chili incubation/%  Chili pathogenesis/%
R-G-B 0.05R+0.8G+0.15B 5.1M 91.67 90.52 83.33 72.86
L-a-b 0.44L+0.26a+0.3b 5.1M 91.67 96.55 94.44 75.71
H-S-V 0.1H+0.7S+0.2V 5.1M 100.00 93.10 88.89 76.43
L-ab 0.44L+0.56ab (10! 5.1M 91.67 93.10 88.89 75.71
RGB InceptionV3 [+ 5.0M 33.33 80.17 66.67 58.57
RGB MobileNetv3 [ 42M 83.33 88.79 77.88 70.71
RGB EfficientNetB0 [ 4.1M 16.67 66.38 16.67 60.71
RGB EfficientNetB1 [ 6.6M 33.33 65.52 44.44 52.86
RGB DenseNet121 21 4.0M 33.33 81.90 88.89 56.43
RGB ResNet9 2] 8.1M 41.67 72.41 11.11 57.86
RGB NASNetMobile 2! 43M 0.00 41.38 0.00 57.86
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Abstract Objective Early detection of crop diseases is crucial for effective agricultural management and yield
protection. While visible light imaging has been widely applied for disease detection due to its accessibility and
non-destructive nature, most existing methods primarily focus on identifying diseases during the symptomatic
phase, when visual symptoms are already prominent. However, detecting plant diseases during the incubation
period—when symptoms are still subtle or invisible—remains a major challenge due to the lack of distinctive
visual cues and limited research methodologies. This study aims to address this gap by proposing a novel three-
channel recognition model to accurately identify early blight symptoms during the incubation stage in Solanaceae
crops, particularly in chili and tomato, using only visible light images. Methods We established a controlled
experimental setup in which healthy leaves and leaves inoculated with early blight pathogens were photographed

continuously over time. A total of 1 258 visible light images were collected, capturing various stages of disease
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progression. From these images, lesion regions were manually annotated. To quantitatively characterize early and
subtle color changes within the lesion areas, we extracted color moments—first-order (mean), second-order
(standard deviation), and third-order (skewness) —from multiple color spaces, including Lab and HSV. By
analyzing the temporal variation of these color moments across disease progression stages, we identified the first-
order moment of the saturation (S) channel in the HSV color space as the most sensitive indicator of lesion
development on inoculated leaves. Using this insight, we defined four disease categories: healthy, incubation
stage, early stage, and late stage. Subsequently, a three-channel classification model was constructed by
integrating features from three color channels that provided complementary information. Three-channel models
were constructed based on R-G-B, L-a-b, and H-S-V color spaces, respectively, to evaluate performance across
different crops and to determine which color representation provides the most discriminative power for
identifying disease symptoms during the incubation period. Results The proposed models demonstrated strong
classification performance. The three-channel model built using the Lab color space achieved a 94.44% accuracy
in recognizing the incubation stage of early blight in pepper, effectively distinguishing subtle pre-symptomatic
features from healthy tissue. The model based on the HSV color space achieved 100% accuracy in detecting
incubation-stage symptoms in tomato, underscoring the discriminative power of S-channel variations in this
context. These results confirm the model’s capability to identify early blight before visible lesions become
pronounced, which is essential for timely disease intervention. Conclusion This study presents a new technical
pathway for early-stage disease detection using visible light images by focusing on subtle color feature changes
during the incubation period. The proposed three-channel recognition model effectively identifies early blight in
both chili and tomato, offering a non-destructive, low-cost, and easily deployable solution for early warning and
precision agriculture. Furthermore, this framework can be generalized to other crops and diseases where early
detection plays a critical role in minimizing yield losses and ensuring sustainable production. The method lays a
solid foundation for future research in pre-symptomatic plant disease recognition and provides valuable tools for

intelligent crop monitoring and precision management systems.
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