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Abstract

Bacterial fruit blotch (BFB) caused by Acidovorax citrulli, is a destructive seed-transmitted disease that seriously
threatens global cucurbit production. To address the need for detecting A. citrulli-infested seeds, this study
developed a colony identification model and a seed infestation detection model based on multispectral imaging.
The combined nMahalanobis and nCDA colony identification models achieved a high recall of 0.999 and a low
false-positive rate of 0.149 when tested on samples. For infested melon seed detection, we evaluated and
compared the classification performance of seven machine learning models. The results showed that LDA,
logistic regression, and MLP exhibited stable performance on artificially infested seed samples. Furthermore,
multi-cultivar modeling improved model generalizability and demonstrated the feasibility of using multispectral
imaging to identify naturally infested seeds. When a gPCR Ct threshold of 37 was used to define seed infestation
status, the logistic regression model achieved a validation accuracy of 0.82. Overall, these findings demonstrate
the potential of multispectral imaging for colony identification and seed infestation detection, providing a new
technical approach and a scientific basis for seed health testing of bacterial fruit blotch in cucurbit crops.

Introduction

Cucumis melo L. ranks among the most economically important horticultural crops worldwide. China is the
world’s leading melon producer and accounts for more than half of global production“]. In recent years,
advances in cultivar breeding, field cultivation, and postharvest management have substantially improved melon
yield and market value. However, the expansion of large-scale cultivation and the rapid growth of international
seed trade have promoted the development of the melon industry while increasing the risk of long-distance
transmission of seed-borne pathogens, posing a serious threat to melon production and seed quality.

Bacterial fruit blotch (BFB), caused by Acidovorax citrulli, is a destructive bacterial disease of cucurbit crops,
mainly infecting watermelon and melonl?. This disease is characterized by rapid epidemic spread and severe
damage in field productiont®l. Seed infestation serves as the primary pathway for the long-distance spread of
this pathogen[4]. Acidovorax citrulli can survive for long periods in seeds and infect seedlings during germination,

leading to disease outbreaks in the field!* 5. Therefore, detecting infested seed is critical for preventing
pathogen transmission and enabling effective source control.

Current detection of Acidovorax citrulli mainly relies on symptom observation, pathogen isolation and culture,
serological assays (e.g., ELISA), and molecular methods (e.g., PCR and gPCR)!® 71, Although these methods yield
high sensitivity and specificity, they generally require destructive sample processing, specialized equipment, and
skilled operators, limiting their applicability for rapid and large-scale seed screening. Therefore, the development
of rapid, non-destructive, and high-throughput seed health detection techniques has become a critical research
priority.

In recent years, optical sensing techniques such as Raman spectroscopy, near-infrared spectroscopy, and
hyperspectral imaging have been extensively explored for agricultural product quality assessment and pathogen
detection. Raman spectroscopy delivers detailed molecular structural information but is often affected by
fluorescence background interferencel®l. Near-infrared spectroscopy allows rapid detection with minimal sample
preparation; however, it suffers from limited spatial resolution and strong dependence on chemometric
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models®l. Hyperspectral imaging simultaneously captures spectral and spatial information but is limited by
large data volumes, high computational burden, and high hardware cost!%,

In contrast, compared with these techniques, multispectral imaging captures images at a limited number of
selected wavelengths, retaining key spectral information while substantially reducing data dimensionality and
computational burden. In addition to spectral information, this technique enables the extraction of
complementary phenotypic features, including color, texture, and morphology, thereby improving sample
discrimination and classification accuracy. Furthermore, multispectral imaging offers several practical
advantages, including rapid detection, efficient data processing, and relatively low operational costl"l. To date,
multispectral imaging has been extensively explored for seed quality assessment, including cultivar
discrimination!'?, damage detection('®, seed vigor evaluation!'¥, and fungal infection detection!"3.

However, spectroscopic techniques remain underutilized for the detection of seed-borne bacterial pathogens.
Representative studies include hyperspectral imaging for identifying rice seeds infected with bacterial panicle
blight[1 4 and Raman-—hyperspectral imaging for detecting Acidovorax citrulli-infected watermelon seeds!®l,
These studies demonstrate that spectroscopic techniques can effectively capture subtle changes in seed
physicochemical properties induced by pathogen infection. Nevertheless, most existing studies have been
conducted using artificially inoculated seeds. Systematic evaluations of model generalizability across different
cultivars, detection performance on naturally infested seeds, and practical field applicability remain limited”. In
addition, pathogen isolation and culture remain an indispensable procedure in international seed testing and
disease diagnosis. During pathogen isolation, plating, and incubation from seed samples, target colonies are
typically small and often accompanied by abundant background microbes and morphologically similar colonies.
These issues severely reduce the efficiency of traditional manual identification, making it highly dependent on
operator expertise.

Although substantial studies have focused on microbial colony classification and identification using spectral

imaging techniques“& 191 limited research has addressed the precise identification and direct localization of
target colonies on culture plates.

Therefore, to address the aforementioned limitations, this study adopted multispectral imaging to develop an
integrated detection strategy for rapid Acidovorax citrulli colony identification and non-destructive detection of
infested melon seeds. Specifically, discriminative models based on normalized Mahalanobis distance and
normalized canonical discriminant analysis (nCDA) were developed to enable rapid identification and precise
localization of A. citrulli colonies on culture plates. Machine learning-based classification models were
subsequently constructed using artificially inoculated melon seeds, and their cross-cultivar transferability was
systematically evaluated. Finally, naturally infested seed samples were incorporated to validate the practical
applicability of multispectral imaging under realistic infection conditions. Collectively, this study aims to provide
an efficient strategy for rapid seed health screening, offering technical support for the early detection and
management of bacterial fruit blotch in cucurbit crops, while laying a foundation for the application of
multispectral imaging in seed-borne bacterial disease detection.

Materials and methods

Preparation of A. citrulli colony plates
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The Acidovorax citrulli strains used in this study were sourced from the Vegetable Seed Quality Inspection and
Testing Center of Beijing Academy of Agriculture and Forestry Sciences and the Seed Pathology Laboratory,
College of Plant Protection, China Agricultural University. To evaluate the specificity of the colony identification
models, Acidovorax avenae, Pseudomonas syringae pv. lachrymans, and several morphologically similar bacterial
isolates derived from cucurbit seed testing samples were included for specificity assessment as listed in

Table 1.

Table 1
Bacterial strains used for multispectral model development

Bacteria Strain

Model construction

Target in Model 1, 2,
3,and 4

Acidovorax citrulli Group K: Xu201802, Xu201803, Xu201804,

Xu201805, Xu201806, Xu201807

Group K: Xu8-14, Xu3-15, Xu9-15, Xu21-15, Xu25-
15, Xu202202
Non-target in Model 1

Agrobacterium sp. Xu2025-02, Xu2025-25

Non-target in Model 3

Agrobacterium sp.

Acidovorax avenae Xu2025-05

Staphylococcus sp. Xu2025-33
Non-target in Model 2~ Pseudomonas syringae pv. Xu2025-04

lachrymans

Acidovorax avenae Xu2025-05

Xu2025-02, Xu2025-25

Delftia sp. Xu2025-23
Stenotrophomonas sp. Xu2025-24
Enterobacter sp. Xu2025-26
Achromobacter sp. Xu2025-28
Brevundimonas sp. Xu2025-29
Sphingomonas sp. Xu2025-31
Staphylococcus sp. Xu2025-33

Non-target in Model 4  Agrobacterium sp. Xu2025-02, Xu2025-25, Xu2025-27, Xu2025-32

All A. citrulli strains were preserved at - 80°C. Before experimental use, the strains were streaked on Luria-
Bertani (LB) medium to obtain single colonies. Strain identity and genetic subgroups were confirmed by PCR
analysis[zo] and BOX-PCR ﬂngerprinting[zﬂ. The validated strains were subsequently used for multispectral image
acquisition and colony identification model development.

To evaluate the practical applicability of the established models in real samples, pathogen isolation by plating on
LB medium was conducted on 11 naturally infested melon and watermelon seed and seedling samples. This
process generated three types of culture plates: pure A. citrulli colonies (23 plates), mixed plates containing both
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A. citrulli and other bacteria (32 plates), and plates containing only other bacteria (50 plates). All plate datasets
were subsequently used for model evaluation.

Preparation of A. citrulli-infested melon seeds

Artificially infested seeds were prepared using a fermentation-based inoculation method to simulate natural A.
citrulli seed infestation during seed harvest. Three melon cultivars, including ‘Xizhoumi’, ‘Yunaixiang’, and ‘Hami
melon’, were used in this study. Mature, healthy melon fruits were surface-sterilized with 75% ethanol and
aseptically dissected to collect intact seeds. For every 25 g of seeds, 50 mL of fruit juice was added. Activated
A. citrulli cultures were adjusted to an ODgq of approximately 0.5 (108 CFU mL-") and inoculated into the fruit
juice system, followed by fermentation at 30°C with shaking at 60 rpm min-". Seed samples with graded
infestation levels were generated by varying two experimental variables: inoculation volume (2 or 4 mL) and
fermentation duration (24 or 48 h). After fermentation, all seeds were thoroughly rinsed with sterile water and
air-dried under ambient conditions!?2. Non-inoculated seeds were used as healthy controls.

Naturally infested melon seeds were collected from commercial seed batches provided by Jinyan Yinong
(Beijing) Seed Sci-Tech. Co., Ltd. Two pairs of species-specific primers for real-time quantitative PCR (qPCR)
were used to determine seed infestation status!?® 24, The cycle threshold (Ct) value was used as the diagnostic
criterion for seed infestation, and presence of A. citrulli were confirmed by grow-out assays. Specifically,
artificially infested seed samples were used for model development and cross-cultivar transferability evaluation,
whereas naturally infested seeds were used to validate the practical applicability of the developed multispectral
detection models.

Multispectral imaging system

All multispectral image acquisition was performed using a VideometerLab multispectral imaging system
(Videometer A/S, Hgrsholm, Denmark). The system comprises an integrating sphere illumination unit, a CCD
camera, and computer-controlled software. It is equipped with 19 LED light sources that are sequentially
activated for multispectral image acquisition, producing a three-dimensional multispectral data cube (x, y, A)
spanning a spectral range of 365-960 nm. The corresponding central wavelengths are 365, 405, 430, 450, 470,
490, 515, 550, 570, 590, 630, 645, 660, 690, 780, 850, 880, 940, and 960 nm. The system supports both
reflectance and fluorescence imaging modes. In fluorescence mode, samples are excited at specific
wavelengths, and emitted signals are collected through a long-pass filter.

Multispectral images were acquired under controlled and uniform illumination conditions. During image
acquisition, environmental conditions were kept constant to minimize external interference. After acquisition,
foreground—-background segmentation was performed to extract regions of interest (ROIls), which were
subsequently used for spectral feature extraction and model development (Fig. 1).

Colony discriminant model

Colony discriminant models were constructed using the built-in discriminant analysis modules of
VideometerLab software, including the normalized Mahalanobis distance (nMahalanobis) model and normalized
canonical discriminant analysis (nCDA) model. Both models were constructed based on manually annotated
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training datasets, while differing in their underlying algorithmic principles. The nMahalanobis model
characterizes each class by modeling the statistical distribution of target colony regions using the mean vector
and covariance matrix, and performs classification by comparing the Mahalanobis distance between test
samples and the target class distribution against a predefined threshold. In contrast, the nCDA model constructs
a discriminant space using both target and non-target colony regions and performs classification by
simultaneously maximizing inter-class variance and minimizing intra-class variance.

Feature extraction from melon seeds

Following background removal, individual seed was segmented and treated as independent sample for feature
extraction. In total, 41 quantitative variables encompassing spectral, color, and texture features were extracted
for model development.

The spectral feature set comprised 24 variables, including 19 diffuse reflectance bands and five fluorescence
bands. Color features were derived from the CIELab and CIELCh color spaces, including L*, a*, b*, hue, and
chroma. Texture features were used to characterize the spatial heterogeneity of seed surface morphology. The
extracted texture descriptors consisted of directional texture parameters, local reflectance standard deviation,
autocorrelation features, and histogram-based directional statistics, resulting in 12 texture variables in total. All
features were automatically extracted using VideometerLab software and converted into numerical feature
vectors for machine learning-based modeling and classification.

Infested melon seed classification model

A classification model for identifying A. citrulli-infested melon seeds was developed using Python(3.10.10). Each
seed sample was assigned to two classes, healthy or infested, based on infestation status verified by gPCR. To
minimize the effects of illumination variation and sample-to-sample variability, spectral features were
preprocessed using standard normal variate (SNV) transformation to correct for scattering effects and baseline
drift, whereas color and texture features were used without further preprocessing. Subsequently, all extracted
features were standardized using StandardScaler to achieve zero mean and unit variance. The dataset was
randomly split into training and validation sets at an 8:2 ratio using stratified sampling to preserve the original
class distribution.

Seven machine learning classification models were developed, including support vector machine (SVM)[25],
multilayer perceptron (MLP)29] linear discriminant analysis (LDA)27] logistic regression!?8], random forest (RF)
291 XGBoostl3% and LightGBM['l. Feature importance was evaluated using the random forest (RF) model, and
the 30 highest-ranked features were selected to train the SVM and MLP models. In contrast, all extracted
features were used to develop the LDA, logistic regression, RF, XGBoost, and LightGBM models.

The hyperparameters of each model were determined based on published literature and empirical experience.
The SVM model employed a radial basis function (RBF) kernel, with probability estimation enabled to generate
class probabilities. The MLP model employed a two-hidden-layer architecture with 100 and 50 neurons in the
first and second hidden layers, respectively, and a maximum of 500 training iterations. The logistic regression
model was trained for a maximum of 500 iterations. The RF model consisted of 300 decision trees. The XGBoost
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model was configured with 200 decision trees and used log loss as the evaluation metric during training. The
LDA and LightGBM models were implemented using default parameter settings. All models were trained on the
training set and subsequently evaluated on the validation and independent test sets.

Model evaluation and comparison

To comprehensively evaluate model performance, different evaluation metrics were selected according to the
characteristics of each classification task. For A. citrulli colony recognition, classification performance was
assessed using precision, recall, F1-score, specificity, and Cohen’s kappa coefficient. For seed-borne A. citrulli
detection, accuracy, precision, recall, F1-score, and the area under the receiver operating characteristic curve
(AUC) were calculated to evaluate classification performance and generalization capability. Model performance
was evaluated using the training, validation, and independent test sets. Comparative analyses were performed

among different models according to previously described evaluation criterial32 33.34]

Results

Feasibility assessment and method evaluation for A. citrulli colony identification

To evaluate the feasibility of multispectral imaging for identifying A. citrulli colonies, an nMahalanobis
discriminant model was constructed. A. citrulli was designated as the target class, whereas Pseudomonas
syringae pv. lachrymans and five additional non-target bacterial isolates from watermelon samples representing
different genera were used as the non-target class. As shown in Fig. 2A&B, the established model accurately
identified A. citrulli colonies on mixed-culture plates. The identification results were fully consistent with PCR
detection using A. citrulli-specific primers, achieving 100% accuracy with no false positives or false negatives.
These results indicate that multispectral features can effectively discriminate bacterial colonies at the genus
level and enable accurate identification of A. citrulli under complex microbial backgrounds.

Furthermore, the discriminative capability of multispectral imaging for closely related bacterial species was
evaluated using A. citrulli and A. avenae, two species within the same genus. An nCDA discriminant model was
established using pure-cultured colonies and applied to mixed-colony images for classification. As shown in
Fig. 2C&D, the model achieved an average classification accuracy of 98.75% for both species on LB medium.
These results demonstrate distinct spectral signatures between closely related bacterial species, enabling their
reliable discrimination via multispectral imaging.

In addition, two genetic subgroups of A. citrulli (Group | and Group Il) were analyzed to evaluate the influence of
genetic background on model performance. The nCDA-based discriminant model failed to effectively distinguish
the two subgroups (Fig. 2E), with evident cross-classification observed between training and validation isolates.
The two subgroups exhibited highly similar spectral response profiles across all tested wavelengths, with an
average Pearson correlation coefficient of 0.99, indicating no significant spectral differences between the two
genetic lineages. These findings suggest that A. citrulli strains from different genetic backgrounds exhibit
spectral consistency and can be incorporated into a unified classification model, thereby ensuring model
robustness and generalizability.

Development and performance of colony identification models

Page 7/22



An nMahalanobis discriminant model was established using A. citrulli colony images acquired from two
independent plating experiments. The training dataset consisted of six Group | and six Group Il strains, yielding a
total of 24 multispectral images. As shown in the identification maps, the model achieved stable recognition of
the training colonies, with no false negative detections (Fig. 3A). The model was further validated using colony
plate images obtained from practical diagnostic samples (Fig. 3B). A total of 105 colony plates from 11 batches
of test samples were included in the statistical analysis (Table 2). The nMahalanobis model achieved recall
values of 1.000 and 0.999 for pure A. citrulli plates and mixed plates containing accompanying microorganisms,
respectively, demonstrating robust target colony detection capability. However, for mixed plates containing non-
target bacteria, the model achieved a precision of 0.787 and a Specificity of 0.692, indicating that false-positive
detections still occurred under complex microbial backgrounds.

Table 2
Classification performance of the nMahalanobis model and four nCDA models on three types of culture plates.
Plate type Plates with A. citrulli and other Plates with other Plates with pure A.
bacteria bacteria citrulli
Recall Precision Specificity Specificity Recall
nMahalanobis  0.999 0.787 0.692 0.728 1.000
Model 1- 0.659 0.845 0.867 0.846 0.933
nCDA
Model 2- 0.437 0.824 0.895 0.798 0.438
nCDA
Model 3- 0.542 0.885 0.922 0.860 0.704
nCDA
Model 4- 0.637 0.904 0.924 0.753 0.929
nCDA

Meanwhile, four nCDA-based discriminant models were established using different non-target bacterial species
and subsequently validated using practical diagnostic samples. As shown in Fig. 3C, all four models
successfully identified A. citrulli colonies, although their classification performance differed. On mixed plates
containing A. citrulli and accompanying microorganisms, Model 1 and Model 4 achieved relatively higher recall
values of 0.659 and 0.637, respectively. In contrast, Model 3 and Model 4 exhibited lower false positive rates
(0.078 and 0.076, respectively) together with higher precision values (0.885 and 0.904, respectively) (Table 2).
Furthermore, validation using plates containing only non-target bacteria and pure A. citrulli cultures further
highlighted differences among the four models in balancing target detection capability and false-positive
control.

Identification results for all test samples were comprehensively evaluated using four quantitative metrics,
including recall, precision, F1-score, and Specificity (Fig. 4). The nMahalanobis model achieved the highest recall
(0.999) but also exhibited the lowest precision (0.620) and the highest Specificity (0.719). In contrast, the four
nCDA-based discriminant models generally exhibited lower false positive rates. Among them, Model 1 achieved
the best overall performance, with recall, precision, and F1-score values of 0.761, 0.700, and 0.728, respectively.
Taken together, these results suggest that the nMahalanobis model is more suitable for high-sensitivity
preliminary screening, whereas the nCDA-based models are more effective at reducing false-positive detections.
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Based on the comprehensive evaluation of the performance metrics, a hybrid discriminant strategy integrating
the nMahalanobis model and Model 1 of the nCDA-based models was established. In this strategy, the two
models based on distinct discriminant mechanisms were applied in parallel to the same multispectral images.
The nMahalanobis model was used to maximize target colony detection while minimizing the risk of false
negatives, whereas Model 1 of the nCDA-based models was used to improve classification precision by reducing
false-positive detections. Owing to their complementary discriminative capabilities, the integration of these two
models balanced high sensitivity with effective false-positive control, thereby providing more reliable candidate
colonies for subsequent PCR validation and improving the overall efficiency of A. citrulli colony screening.

Development and validation of detection models for artificially infested
seeds

To evaluate the performance of different machine learning algorithms for detecting fermentation-inoculated
melon seeds, seven classification models were developed using either the first batch of fermentation-inoculated
‘Xizhoumi’ seeds or the combined dataset from two batches, and their performance was systematically
compared.

When trained using the first batch of fermentation-inoculated ‘Xizhoumi’ melon seeds, the seven models
exhibited clear differences in classification performance. Specifically, 360 infested and 300 healthy seeds were
used for training, whereas an independent test set consisting of 360 infested and 240 healthy seeds was used
for evaluation. Among the seven models, LDA, logistic regression, and MLP exhibited superior performance.
Notably, both LDA and logistic regression achieved perfect results on the training and validation sets, with
accuracy, precision, recall, and F1-score all reaching 1.000. On the independent test set, LDA and logistic
regression achieved accuracies of 0.90 and 0.89, respectively, with recall values of 1.00 and 0.99, demonstrating
strong generalization ability. MLP also performed well, achieving an accuracy of 0.89 and a recall of 0.99. In
contrast, SVM, RF, XGBoost, and LightGBM showed relatively lower performance on the independent test set.

To further evaluate cross-batch generalizability, the two fermentation-inoculated seed datasets were combined
to retrain the models (Table 3). The merged dataset included 720 infested and 600 healthy seeds for training,
while 660 infested and 300 healthy seeds were used for testing. With increased sample size and greater
variability in infestation levels, overall model performance remained consistent with that obtained from the
single-batch dataset. LDA, logistic regression, and MLP continued to show superior performance. On the
independent test set, LDA achieved an accuracy of 0.93 and a recall of 0.97, logistic regression achieved an
accuracy of 0.93 and a recall of 0.99, whereas MLP achieved an accuracy of 0.91 and a recall of 0.96. These
results indicate that LDA, logistic regression, and MLP can accommodate variations in data distribution caused
by different fermentation durations, inoculum concentrations, and experimental batches, demonstrating strong
robustness and generalization capability.
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Table 3
Performance comparison of seven machine learning models using the combined fermentation-inoculated seed

dataset.
Model Train Validation Precision Recall F1 AUC Test Precision Recall
Accuracy Accuracy
Accuracy
SVM 0.93 0.89 0.89 0.91 090 096 0.82 0.89 0.84
MLP 1.00 0.96 0.97 0.96 0.97 1.00 0.91 0.91 0.96
LDA 0.99 0.98 0.99 0.98 099 1.00 0.93 0.93 0.97
LR 0.97 0.96 0.97 0.96 0.97 099 0.93 0.91 0.99
RF 1.00 0.83 0.84 0.85 0.85 090 0.74 0.85 0.77
XGBoost  1.00 0.90 0.91 0.90 091 096 0.86 0.90 0.90
LGBM 1.00 0.92 0.93 0.93 0.93 0.97 0.86 0.90 0.90

To evaluate cross-variety transferability, the seven models trained on ‘Xizhoumi’ seeds were directly applied to
fermentation-inoculated seeds of ‘Yunaixiang’ (480 seeds) and ‘Hami’ (360 seeds). As shown in Fig. 5A&B, all
models exhibited a substantial decline in performance when applied to cross-variety datasets. Classification
accuracies ranged from 0.56 to 0.69 for 'Yunaixiang’ seeds and from 0.46 to 0.69 for ‘Hami’ seeds, indicating
limited cross-variety generalization ability of single-variety models.

To improve model generalization, seed datasets from three melon varieties (‘Xizhoumi’, ‘Yunaixiang’, and ‘Hami’)
were integrated to construct multi-variety models. For each variety, 240 seeds (120 infested and 120 healthy)
were used for training, while an independent test set of 120 seeds (60 infested and 60 healthy) was used for
evaluation. Compared with single-variety models Fig. 5C&D, multi-variety models showed improved overall
performance. Among all models, LDA, logistic regression, and MLP achieved the best performance, with test
accuracies of 0.85, 0.83, and 0.80, respectively, while maintaining a good balance between precision and recall.

Overall, multi-variety modeling expanded the spectral variability in the training data, thereby improving cross-
variety classification performance. Compared with single-variety models, multi-variety models showed superior
generalization ability.

Model evaluation using naturally infested seeds

To validate the ability of multispectral imaging to detect naturally infested melon seeds, the classification
performance of seven machine learning models was evaluated under two quantitative real-time PCR (qPCR)-
based infestation criteria, with Ct < 40 and Ct < 37 used as thresholds to define seed infestation status (Table 4).
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Table 4

Performance comparison of seven machine learning models for identifying naturally infested
melon seeds under two Ct thresholds.

Ct threshold Model Train Accuracy Val Precision Recall F1 AUC
Accuracy
Ct<40 SVM 0.72 0.55 0.73 0.55 0.63 0.59
MLP 1.00 0.56 0.59 0.58 0.58 0.57
LDA 0.73 0.65 0.63 0.68 0.65 0.68
LR 0.67 0.61 0.64 0.62 0.63 0.67
RF 1.00 0.53 0.64 0.54 0.59 0.58
XGBoost 1.00 0.60 0.69 0.60 0.64 0.61
LightGBM  1.00 0.61 0.69 0.61 0.65 0.66
Ct<37 SVM 0.82 0.69 0.58 0.73 0.64 0.72
MLP 1.00 0.69 0.55 0.75 0.63 0.71
LDA 0.85 0.79 0.73 0.83 0.77 0.85
LR 0.80 0.82 0.79 0.84 0.81 0.83
RF 1.00 0.69 0.55 0.75 0.63 0.71
XGBoost 1.00 0.67 0.64 0.68 0.66 0.70
LightGBM  1.00 0.70 0.64 0.72 0.68 0.72

When Ct < 40 was used as the infestation criterion, all models exhibited relatively weak performance, with
validation accuracies ranging from 0.53 to 0.65. In contrast, when the stricter criterion of Ct < 37 was applied, all
models showed markedly improved performance and achieved substantially higher validation accuracies.
Among the seven models, logistic regression achieved the best performance, with a validation accuracy of 0.82,
followed by LDA at 0.79. These results indicate that lower Ct values correspond to higher pathogen loads,
resulting in more pronounced spectral responses and improved classification performance for infested seed
detection.

Key wavelength identification and feature importance analysis

To quantify the contributions of different features to seed classification, feature importance analysis was
conducted for the three best-performing models: LDA, logistic regression, and MLP. Due to differences in their
inherent algorithms, the feature importance rankings and selected features varied across models. Specifically,
LDA assessed feature contributions based on discriminant coefficients, logistic regression quantified feature
importance using regression coefficients, while MLP adopted SHAP values to interpret feature contributions to
model predictions.

Although feature importance rankings differed across the three models, several spectral features consistently
contributed substantially to model performance(Fig. 6). Notably, the 490 nm wavelength was consistently
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ranked among the top 10 most important features across all models. In addition, wavelengths at 430, 450, 470,
570, 690, and 940 nm, along with fluorescence features and color descriptors such as Chroma and CIE b*, were
repeatedly identified by multiple models. Overall, the dominant features were primarily distributed across the
blue, red, and near-infrared spectral regions. These findings demonstrate that spectral and color information can
reliably distinguish healthy seeds from A. citrulli-infested seeds, providing critical discriminative features for
intelligent detection of infested melon seeds.

Discussion

Applications and limitations of multispectral imaging for A. citrulli colony identification

During the experiments, culture medium composition and colony growth conditions were identified as key
factors influencing model performance. The LB medium, due to its higher transparency and more homogeneous
background, facilitated colony segmentation and spectral feature extraction. In contrast, models were also
developed using PF medium; however, its darker background reduced the reflectance contrast between colonies
and the surrounding medium, thereby decreasing spectral separability and weakening model discrimination
performance. In addition, high colony density, colony coalescence, and metabolite accumulation from
accompanying microorganisms can alter local spectral characteristics, thereby increasing the risk of false-
positive classification. Therefore, culture medium preparation, incubation conditions, colony density, and image
acquisition procedures should be strictly standardized in practical applications to ensure model robustness and
reproducibility.

Although the proposed multispectral imaging-based colony identification models enable rapid screening of A.
citrulli colonies, several limitations remain. The imaging system used in this study included only 19 spectral
bands and did not fully exploit complementary information such as colony morphology, texture, and
fluorescence characteristics. Moreover, both the nMahalanobis and nCDA models are conventional statistical
discriminant methods with limited capacity to capture complex nonlinear relationships in the data. Future
studies should integrate multimodal features and incorporate nonlinear modeling approaches, such as deep
learning methods, while expanding the diversity of A. citrulli isolates and accompanying microorganisms to
further improve model performance and generalization under more complex sample conditions.

Challenges and prospects of multispectral detection of infested
melon seeds

The transferability analysis demonstrated that models developed using a single melon variety exhibited
substantially reduced performance when applied to other varieties. This decline was primarily attributed to
varietal differences in seed coat color, microstructure, and chemical composition, which altered the intrinsic
spectral characteristics of seeds and, in some cases, exceeded the spectral variations induced by A. citrulli
infestation. Similar cultivar-dependent spectral variability has been reported in previous multispectral imaging
studies of crop seed quality assessment and disease detection, where inherent differences among cultivars
often compromise model transferability and generalization performancel'. In contrast, multi-variety modeling
significantly improved model generalization, indicating that expanding the spectral variability in the training
dataset enables models to learn more robust and representative pathogen-specific spectral signatures.
Therefore, multi-variety modeling represents an effective strategy for improving cross-variety applicability. Future
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studies should further incorporate naturally infested seed samples collected across different production years,
geographic regions, and storage conditions to enhance model robustness under practical agricultural
environment.

The classification performance for fermentation-inoculated seeds was markedly superior to that for naturally
infested seeds, which can be explained by differences in infection patterns and pathogen load. In artificially
inoculated seeds, pathogens were more uniformly distributed on the seed surface, resulting in stable and
consistent spectral differences. In contrast, naturally infested seeds typically exhibited lower pathogen loads
and heterogeneous distribution, leading to weaker spectral responses. In some low-infection samples, spectral
features overlapped considerably with those of healthy seeds, increasing classification difficulty. The use of a
more stringent infestation threshold (Ct < 37) significantly enhanced model performance, further indicating that
multispectral imaging is currently more suitable for detecting seeds with relatively high pathogen loads, whereas
its ability to identify low-level or latent infections remains limited and requires further optimization.

Interestingly, simple linear classifiers (LDA and logistic regression) consistently outperformed more complex
nonlinear algorithms, including Random Forest, XGBoost, and LightGBM. This may be attributed to the high
separability of the selected multispectral features after preprocessing, allowing linear decision boundaries to
effectively distinguish infested and healthy seeds. Similar findings have been reported in multispectral seed
analysis, where linear discriminant models achieved high classification performance when spectral features

showed strong class separabilityl'4],

The key discriminative wavelengths were mainly distributed in the blue, red, and near-infrared regions, reflecting
multi-scale physiological and microstructural alterations in seeds following pathogen infestation. The blue
region (450-500 nm) is highly sensitive to phenolic compounds and stress-related metabolitesB4, and its
variation may be associated with defense responses induced by A. citrulli. The band at 570 nm may be related to
changes in carotenoid absorption and seed coat pigment composition[35], reflecting stress-induced pigment
regulation. The red region (690 nm), located near the chlorophyll a absorption featurel39), may reflect structural
changes in the seed coat and residual pigment effects. The near-infrared region (940 nm) is a typical water-
sensitive band®7], associated with changes in seed moisture content and tissue scattering properties. In
addition, wavelengths in the 430—-470 nm range are closely related to carotenoid and other pigment absorption
features!®8 39 further supporting the contribution of seed coat chemical alterations to spectral responses.
These spectral variations are consistent with previous pathological studies reporting that A. citrulli can invade
seeds through the seed coat or stigmatic pathway, colonize internal tissues, and accumulate in cuticle folds and
microstructural regions, thereby altering local moisture and chemical composition[4°' 4] Collectively, these
changes result in stable spectral differences in the blue, red, and near-infrared regions, providing a solid
theoretical basis for the identification of infested seeds.

Future studies should further expand the scale of naturally infested seed samples and establish comprehensive
datasets covering multiple varieties and infection levels. In addition, integrating optimal wavelength selection,
feature fusion strategies, and deep learning approaches may further improve model robustness and
generalization ability. Based on the identified discriminative wavelengths, the development of compact
multispectral sensing devices could also be explored, facilitating the practical application of this technology in
seed health inspection, quarantine, and rapid pathogen screening.
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Conclusion

This study explored the feasibility of multispectral imaging for rapid identification of Acidovorax citrulli colonies
and non-destructive detection of infested melon seeds. For colony recognition, discriminative models based on
normalized Mahalanobis distance and normalized CDA were established, and a combined decision strategy was
further proposed. This integrated approach effectively reduced false-positive rates while maintaining high
detection sensitivity, enhanced the overall reliability of colony identification, and demonstrated strong potential
for rapid auxiliary detection of A. citrulli.

For seed infestation detection, seven machine learning models were systematically compared for their
classification performance. Among these models, LDA, logistic regression, and MLP yielded the best overall
performance on artificially inoculated seed samples. Compared with single-variety modeling, multi-variety
modeling significantly improved cross-variety generalization capability. Furthermore, the classification results
obtained from naturally infested seeds validated the practical applicability of multispectral imaging for seed
health evaluation, and a Ct threshold of < 37 was identified as a more reliable criterion for distinguishing infested
seeds.

Collectively, this study developed an integrated multispectral detection strategy spanning rapid A. citrulli colony
identification and non-destructive detection of infested melon seeds. The proposed methodology provides an
efficient technical approach for bacterial fruit blotch screening and routine melon seed health evaluation.
Moreover, this work lays a theoretical and technical foundation for the application of multispectral imaging in
seed-transmitted bacterial disease detection and supports the future development of targeted intelligent
sensing systems.
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Flowchart of the multispectral imaging-based detection procedure.
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Feasibility evaluation of A. citrullicolony identification using the nMahalanobis and nCDA methods. (A) Mixed
bacterial culture plate containing A. citrulli, Pseudomonas syringae pv. lachrymans, and five other bacterial
species isolated from watermelon seed. White circles indicate true A. citrulli colonies. (B) Identification results of
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the mixed bacterial culture plate using the nMahalanobis method. Target A. citrulli colonies are highlighted in
blue and indicated by white circles. (C) Co-culture plate containing A. citrulli and A. avenae. White circles indicate
A. citrulli colonies. (D) Identification results of A. citrulli and A. avenae obtained using the nCDA method. Target
A. citrulli colonies are highlighted in red and indicated by white circles. (E) Discrimination of the two genetic
groups of A. citrulli using the nCDA method. When the two groups are correctly distinguished, Group | colonies
are shown in red and Group Il colonies are shown in blue.
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Figure 3

Colony identification of A. citrulli using the nMahalanobis and nCDA methods. (A) Identification results of the
nMahalanobis discriminant model established using 12 representative A. citrulli strains from Group | and Group
Il, validating its discrimination capability between the two groups. (a) Identification results for Group | strains. (b)
Identification results for Group Il strains. (B) Colony identification results for bacterial culture plates from two
batches of test samples using the nMahalanobis discriminant model established in VideometerLab software.
The left panels show sRGB images of the culture plates, with white circles indicating PCR-confirmed A. citrulli
colonies. The right panels show the corresponding identification maps generated by VideometerLab software
analysis, where blue-highlighted regions represent the target colonies predicted by the model. (C) Colony
identification results for bacterial culture plates from two batches of test samples using the nCDA discriminant
model established in VideometerLab software. The left panels show sRGB images of the culture plates, with
white circles indicating PCR-confirmed A. citrulli colonies. The right panels show the corresponding identification
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maps generated by VideometerLab software analysis, where blue-highlighted regions represent the target
colonies predicted by the model.
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Figure 4

Radar chart comparing the performance of five models for identifying Acidovorax citrulli colonies on LB
medium.
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Figure 5

Comparison of direct transfer and multi-cultivar training strategies for the detection of A. citrulli-infested
melon seeds. (A)Direct transfer performance of different classification models on Yunnaixiang seeds. (B) Direct
transfer performance of different classification models on Hami seeds. (C) Validation performance of models
developed using multi-cultivar training strategy. (D) Independent test performance of models developed using
multi-cultivar training strategy.
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Figure 6

Feature importance analysis of three machine learning models for detection of A. citrulli-infested melon seeds.
(A) Top 20 important features derived from the LDA model. (B) Top 20 important features derived from the
logistic regression model. (C) SHAP summary plot illustrating the feature contributions of the MLP model.

Page 22/22



