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Heiber Andres TRUJİLLO1*, Pedro Alexander VELASQUEZ-VASCONEZ2, Rafael Mateus 

ALVES3, Fernando Henrique IOST-FILHO4, Francisco Guilhien GOMES-JUNIOR5 

Abstract 

Hyperspectral imaging (HSI) provides high-resolution spectral information across broad wavelength ranges and 

has emerged as a promising non-destructive approach for assessing seed quality. This study validated the use of 

HSI combined with machine learning to identify spectral features associated with germination performance in 

hydroprimed lettuce seeds. Seeds of the Roxa and Vanda genotypes were subjected to hydropriming, dried, and 

stored prior to evaluation. Hyperspectral images were acquired using 300 spectral bands spanning 384.7–1020.7 

nm for each treatment, and mean spectra were used as predictors in classification models. Machine learning 

analysis was performed primarily with Random Forest to discriminate seed performance categories, including 

normal seedlings, abnormal seedlings, non-germinated seeds, and dead seeds. Feature-importance results indicated 

that wavelengths near 390 nm were among the most informative predictors of germination performance, whereas 

bands at 473–475 nm contributed comparatively less. The Random Forest models showed high sensitivity and 

specificity across the defined classes, supporting the feasibility of spectral-based categorization of seed outcomes. 

In complementary analyses, Ridge regression reinforced the relevance of peripheral regions of the spectrum, 

highlighting 384.73 nm and 874.57 nm as important for classification and underscoring the value of targeted band 

selection to improve model interpretability and efficiency. Hydropriming affected both spectral signatures and 

physiological responses, with genotype- and lot-dependent outcomes. In Roxa, selected seed lots exhibited 

superior performance in germination and vigor tests after hydropriming and storage. In Vanda, specific lots 

displayed greater uniformity and improved emergence indices. Overall, the integration of HSI and machine 

learning captured strong associations between spectral data and seed performance metrics, with high canonical 

correlations (R² = 0.91–0.99). These results demonstrate that HSI coupled with predictive modeling is an effective, 

rapid, and non-destructive strategy to assess the physiological quality of hydroprimed lettuce seeds and to support 

decision-making in seed lot classification. 
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1. Introduction 

Lettuce stands out as a nutritionally significant food and an economically important vegetable consumed 

globally. Seed value has increased substantially, making it a key criterion for selecting improved genotypes. 

Likewise, optimizing seed germination techniques and obtaining seedlings play a crucial role in lettuce production 

programs. 

Hyperspectral imaging refers to capturing information about the intensity of light reflected or emitted by 

objects in different narrow and continuous bands of the electromagnetic spectrum (Wu and Sun, 2013). This 

technique enables the collection of data in hundreds or even thousands of spectral bands, enabling the identification 

of subtle patterns imperceptible in other forms of imaging (Dale et al., 2013). Hyperspectral images have been 

used to evaluate and monitor seed quality, detect diseases, identify deterioration patterns, and optimize seed 

production and selection processes (Feng et al., 2017). Studies in this field focus on identifying quality patterns 

based on image characteristics, including genotype classification (Feng et al., 2017; Ge et al., 2024; Sun et al., 

2016; Wang et al., 2021; Xia et al., 2019), determination of moisture content (Yin et al., 2023), identification of 

damage and injuries (Wang et al., 2021), and detection of germination failures (Arngren et al., 2011; Guo et al., 

2017; Singh et al., 2009; Xing et al., 2010). Another application of hyperspectral imaging in seeds is the assessment 

of vigor. In this context, hyperspectral imaging has proven useful for analyzing seeds from various vegetable 

species and for identifying spectral patterns associated with viability (Zhang et al., 2014), thereby supporting the 

production of high-quality seedlings (Feng et al., 2017; Liu et al., 2016). The implementation of hyperspectral 

analysis, together with machine learning techniques, especially predictive algorithms, has received attention in 

current research in the seed sector (Cheng et al., 2023; Qiu et al., 2023; Zhao et al., 2018; Zou et al., 2022). 

However, one of the critical steps in processing hyperspectral image data is selecting the useful bands within the 

electromagnetic spectrum, which can provide valuable information about the physiological state of the seeds. 

Seed hydropriming is a widely adopted pre-germination treatment to improve seed quality and germination 

potential. Hydropriming involves the controlled hydration of seeds so that they absorb water and undergo the first 

stage of germination without the occurrence of primary root protrusion (Ali et al., 1990; Ibrahim, 2016; Raj and 

Raj, 2019). This technique aims to prepare the seeds for germination by activating essential metabolic processes, 

followed by drying them to reach the initial water content of the sample (Farooq et al., 2006). The application of 

seed hydropriming significantly enhances the speed and uniformity of germination (Bruggink et al., 1999) while 

also promoting resistance to abiotic factors that affect seedling emergence (Beyaz, 2023). In crops like lettuce, 

which have variable germination potential and seedling emergence, hydropriming can be a promising technique 

to standardize and enhance the physiological performance of seeds. 

The integration of hyperspectral imaging with machine learning algorithms allows the identification of specific 

spectral bands that are most relevant to germination performance, enabling precise and non-destructive seed quality 

assessment, while the application of Random Forest and SMOTE contributes to improved classification 

performance in unbalanced datasets. The objective of this research was to validate the utility of hyperspectral 

images and machine learning algorithms based on Random Forest in determining wavelength parameters 

associated with the germination performance of hydroprimed lettuce seeds. 

2. Materials and Methods 

The research was conducted at the Image Analysis and Seed Analysis Laboratories of the Department of Crop 

Science and the Integrated Pest Management Laboratory of the Department of Entomology and Acarology at the 

‘Luiz de Queiroz’ College of Agriculture, University of São Paulo, in Piracicaba, SP, Brazil. 

2.1. Seed Hydropriming 

Lettuce (Lactuca sativa) seeds from the genotypes Scarlet Red Curly (Scarlet) and Vanda Curly (Vanda) were 

used, provided by Sakata Seed Sudamerica Ltd. Each genotype was represented by five seed lots with germination 

within commercial standards and varying levels of vigor. Each seed lot was divided into four samples: i) unprimed 

seeds (control), ii) wet hydroprimed seeds (post-hydropriming), iii) dried hydroprimed seeds (dried in an oven at 

30°C and 45-55% relative humidity for 96 hours), and iv) hydroprimed seeds, dried and stored in a cold, dry 

chamber at 10°C and 30% relative humidity for three months. 
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Hydropriming was performed using the drum method. First, the water imbibition curve was determined with 

four replicates of 1 gram of seeds, with data expressed as the percentage of water content of each lot (Alves et al., 

2023). The amount of water was administered using the HIDRO-Control® device, consisting of a rotating acrylic 

drum, a synchronous motor, a water tank, an electric pump, and two timers (Figure 1A). Water application was 

done at one-hour intervals until reaching the total volume required for each lot (Kikuti and Marcos Filho, 2012). 

2.2. Hyperspectral İmage Analysis of Seeds 

For obtaining the hyperspectral images, a Pushbroom hyperspectral scanning camera (PIKA L, Resonon Inc., 

Bozeman, MT, USA) equipped with a 23 mm objective lens was employed (Figure 1). The camera sensor captures 

spectral data in the range of 384.73 to 1020.76 nm (spectral range), comprising 300 bands (spectral channels) with 

a spectral resolution of 3 nm and a spectral bandwidth of 2.1 nm, with 900 spatial pixels per line. For spectral data 

collection, eight replicates of 25 seeds from each treatment were placed on acetate slides and positioned on a linear 

platform under the sensor, at a distance of 30 cm from the camera. This platform moves automatically, acquiring 

data controlled by the Spectronon software (Resonon Inc., Bozeman, MT, USA). Hyperspectral images were 

acquired in a dark room environment, artificially illuminated by a tower mounted with 15W, 12V LED lamps 

arranged in two inclined rows, one on each side of the lens (Figure 1B). A polyethylene plastic plate (Type 822, 

Spectronon Pro Resonon, Bozeman, MT, USA) was used for white calibration, while the lens cap was used for 

dark calibration (Alves et al., 2023; Iost Filho et al., 2022). The spectral data from the images were manually 

extracted from each data cube corresponding to the spectral sample of each seed. These data represent the average 

reflectance value of the area of interest (total seed area) for each of the 300 bands, covering wavelengths between 

384.73 and 1021.76 nm (Figure 1C). 

2.3. Germination Performance Evaluation Framework 

After acquiring the spectral values of the seeds in each treatment, seed germination performance was 

determined using the germination test and moisture content (Brasil, 2009), seedling emergence, accelerated aging 

in saturated NaCl solution (Kikuti and Marcos Filho, 2012), and vigor calculation using the Seed Vigor Image 

System (SVIS®) (Sako et al., 2001) (Figure 1D). 

 

Figure 1. Acquisition and hyperspectral image analysis flow of lettuce seeds. Steps include drum 

hydropriming method (A), image acquisition by Pushbroom hyperspectral camera (B), selection, 

segmentation of the seed spectral sample, and obtaining the average spectrum of the sample selection using 

Spectronon software (C), and seed germination performance (D) 
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2.4. Statistical Analysis 

ANOVA was used to study differences in hyperspectral bands based on genotype and seed treatment (unprimed, 

wet hydroprimed, dry hydroprimed, and stored hydroprimed). The experiment was set up as a randomized 

complete block design (blocks) with two factors: the first factor corresponding to genotype (2 levels), and the 

second factor corresponding to seed treatment (4 levels). Subsequently, MANOVA was conducted to assess how 

treatments influenced seed hyperspectral properties. Different statistical criteria such as Pillai, Hotelling-Lawley, 

Wilks, and Roy were used to determine the significance of treatments considering all response variables (Xu et al., 

2022; Cheng et al., 2023). 

To assess the predictive capability of spectral variables on seed germination, the general Random Forest model 

(Equation 1) and the Synthetic Minority Over-sampling Technique (SMOTE) were used. Random Forest is a 

supervised learning algorithm based on decision trees, where each tree in the forest is trained with random subsets 

of the data. The final prediction is based on the average or majority vote of the trees. SMOTE was used to address 

the class imbalance in the dataset by generating synthetic samples to increase the representation of minority classes. 

This improved the robustness and performance of the Random Forest model, particularly in terms of specificity 

and classification balance for underrepresented classes. 

Data were divided into training and test sets, 70% and 30% respectively, using the rf_model.fit(X_train, y_train) 

algorithm. Random Forest was built with 500 trees and evaluated through 5-fold cross-validation, focusing on the 

germination variable. After training, the model was tested for predictions, and its performance was evaluated using 

various metrics, including accuracy, specificity, precision, recall, F1-score, area under the curve (AUC), and 

variable importance based on the Mean Decrease Gini criterion. These metrics were used to assess both the overall 

model performance and its discriminative capacity. AUC analysis was conducted for each germination class 

(normal seedling, abnormal seedling, non-germinated seed, and dead seed — seeds with microorganisms). Overall 

metrics, such as total accuracy, Kappa index, and global AUC, were also considered for a summarized assessment 

of model performance across the entire test dataset (Huang et al., 2016). 

The evaluation metrics used to assess the performance of machine learning models include: (i) accuracy, which 

measures the overall proportion of correctly classified instances; (ii) precision, the proportion of true positives 

among all predicted positives; (iii) recall (or sensitivity), the proportion of true positives among all actual positives; 

(iv) F1-score, the harmonic mean of precision and recall, useful in imbalanced datasets; (v) specificity, which 

indicates the true negative rate; (vi) AUC (Area Under the Curve), reflecting the ability of the model to distinguish 

between classes; and (vii) Kappa index, which adjusts accuracy for the agreement expected by chance. 

𝐻(𝑥) = arg
max

𝑐𝜖{1, … , 𝐶} ∑ 𝐼 (ℎ𝑘(𝑋) = 𝐶)𝐾
𝑘=1        (Eq. 1). 

𝐼 is the indicator function that equals 1 when ℎ𝑘 (𝑥) = C and 0 otherwise. 

The importance of each spectrum as an independent variable was determined using the Random Forest 

importance function based on the Mean Decrease Gini criterion. Additionally, a Ridge Regularization Multinomial 

Regression Analysis was conducted to quantify the importance of spectral variables based on model coefficients. 

Ridge regularization was adjusted using the cv.glmnet function from the glmnet package in R software. 

To determine the linear relationship between hyperspectral image analysis methodology and germination 

performance along with vigor parameters by SVIS®, a Canonical Correlation Multivariate Analysis was conducted. 

This analysis considered two groups of metric variables, identified as dependent variables (spectral values) and 

others as independent variables (germination performance tests and vigor). However, in the latter group, the wet 

hydroprimed seed treatment was not included as the seeds used in this treatment were the same as those in the dry 

hydroprimed seed treatment. Statistical procedures were made in the R language (R Core Team, 2023) (Christensen, 

2023). 

3. Results and Discussion 

3.1. Effects of Hydropriming on Hyperspectral Bands and Germination Predictions 

Hydropriming notably impacts the hyperspectral attributes of lettuce seeds. Hydropriming treatment had a 

significant influence (p < 0.01) on spectral bands. Differences in spectral bands were observed between the Roxa 
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and Vanda genotypes, along with corresponding wavelength values at bands 388.74 and 1005.98 nm, representing 

the lower and upper extremes of the spectral curve (Figure 2). Additionally, analysis of variance (ANOVA) 

revealed that each genotype possesses a distinct spectral signature. Seed lots showed no significant effect, 

indicating high homogeneity among them, which is sufficient not to influence the hyperspectral characteristics of 

the images. Furthermore, the results highlighted significant effects (p < 0.01) in the interaction between genotypes 

and seed treatments, i.e., Roxa or Vanda seeds × unprimed, wet hydroprimed, dry hydroprimed, and hydroprimed 

stored seeds, confirming that the response to hydropriming varies exclusively by genotype. Multivariate analysis 

of variance (MANOVA) provided additional results demonstrating the significance of treatment effects on the 

hyperspectral properties of seeds, with notable differences in response by genotype. The test results confirmed the 

conclusions drawn from individual band ANOVA, showing similar significances for each factor and their 

interactions. Thus, the analysis conducted based on multiple tests (Pillai, Hotelling-Lawley, Wilks, and Roy) 

confirmed the significant effect of hydropriming on the set of hyperspectral bands, affecting Roxa and Vanda 

differently. 

 

Figure 2. Reflectance values at spectral bands 388.74 nm (A) and 1005.98 nm (B) of lettuce seeds due to 

hydropriming 

The analysis using Random Forest showed bands in the range of 384, 390, 386, and 388 nm to be the most 

relevant in predicting the physiological germination characteristics of the seeds. Conversely, the least important 

bands were found in the range of 473, 483, 471, 475, and 467 nm, respectively (Figure 3). These results highlight 

the relative importance of each band in the Random Forest and SMOTE algorithm predictions for hyperspectral 

seed images. Specifically, the most prominent bands included those with higher importance values, such as bands 

at 386, 384, 392, and 390 nm, respectively. Bands with lower importance were identified at wavelengths like 954, 

512, 793, and 804 nm (Figure 3). The significance of these features indicates their crucial role in the algorithm's 

ability to predict seed performance, even prior to germination, demonstrating an efficient non-destructive method 

in high-throughput phenotyping, particularly in determining spectral wavelengths of seeds related to germination 

(further). 
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Figure 3. Feature importance Random Forest (A) and Random Forest SMOTE (B) variables, measured 

by the Gini Decrease Index, using spectral values of lettuce seeds subjected to hydropriming 

With respect to the spectral characteristics of the seeds and the results of their germination test, the Random 

Forest algorithm demonstrated high specificity for abnormal seedlings, non-germinated seeds, and dead seeds, 

with values close to 1, highlighting its ability to correctly identify these categories. However, there was a 

discrepancy in specificity for normal seedlings, showing less effectiveness in this parameter. On the other hand, 

the precision for this same classification reached values of 0.87, the highest observed. The algorithm's accuracy 

was moderate in all cases. Additionally, the algorithm exhibited high sensitivity and balance in the classification 

of normal seedlings. When applying Random Forest SMOTE, a significant improvement in specificity for normal 

seedlings was observed, along with increased precision, sensitivity, and balance for non-germinated seeds, 

abnormal seedlings, and dead seeds (Figure 4). These improvements resulted in a more robust and reliable 

algorithm, capable of handling unbalanced datasets more efficiently in this classification. Finally, the area under 

the curve (AUC) was also moderate in all cases, indicating solid overall performance of the SMOTE-enhanced 

Random Forest algorithm. Overall, the results indicate that Random Forest SMOTE is suitable for high-

performance phenotyping techniques based on seed germination through hyperspectral image analysis. 
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Figure 4. Metrics of Random Forest (A) and Random Forest SMOTE (B) for predicting germination in 

lettuce seeds after hydropriming, using spectral values from seed images 

The treatments applied to the seeds caused a more pronounced impact on the spectral edges. When employing 

Ridge Regression to estimate seed conditions based on treatment, it was evident that the spectral edge bands may 

have greater relevance in developing predictive algorithms. It was observed that at least 28 important bands out of 

the 300 spectral bands obtained from the images had coefficients greater than |0.1|, with seven of the edge bands 

having the highest weights. The regression coefficients (associated with the independent variables of the algorithm) 

ranged from -4 to 6, with bands 384.73 nm (ultraviolet, UV-C region) and 874.57 nm standing out as those showing 

the most substantial weights (Figure 5). Interestingly, despite the high relevance observed, the 874.57 nm band 

was not identified as the most significant based on variable importance measures derived from mean decrease in 

Gini index, which pointed to greater importance for the 386.73 nm band (Figure 5). These results indicate that 

depending on the algorithm used, specific bands may need to be selected that better fit the dataset. 

The analysis of sensitivity and specificity at different classification thresholds during lettuce seed germination 

revealed significant results. Both ROC Random Forest and ROC Random Forest SMOTE demonstrated efficient 

discrimination of normal, abnormal seedlings, and non-germinated seeds. However, the algorithm exhibited 

superior performance in discriminating dead seeds, establishing a direct relationship between the classification of 

spectral bands from seed images and this category in the germination test (Figure 6). The ROC curve approaching 

the upper left corner of the graph indicates high sensitivity and specificity of the applied algorithm compared to a 

random algorithm. Based on accuracy values in both cases, it can be considered that the algorithm is suitable for 

correctly predicting seed classes based on spectral signatures from seed images. The AUC measure, which assesses 

the algorithm's ability to distinguish between positive and negative classes, showed acceptable performance in 

classifying the classes. Additionally, the Kappa coefficient, which evaluates the agreement between algorithm 

predictions and actual observations, considering the agreement that could be expected by chance alone, indicated 

stronger agreement between algorithm predictions and real data (Figure 6). 

The bands with higher importance significantly contributed to the algorithm's performance in classifying or 

predicting seed characteristics from hyperspectral images. These specific bands could potentially be valuable in 

genetic improvement programs aimed at identifying seeds with better physiological potential and early seedling 

stages, allowing screening of a large population of plants at lower cost and without damaging seedlings. Similarly, 

they may be more sensitive to seed biochemistry influenced by different treatments, which could be valuable for 

implementing classification techniques based on image use without sample damage, features widely desired and 

previously used in these methodologies (Alves et al., 2023; Zhang et al., 2020). In contrast to other researches that 

applied Principal Component Analysis (PCA) and did not consider spectral extremes in determining the most 
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relevant bands in hyperspectral analysis for seed classification algorithms (Alves et al., 2023; Bai et al., 2024; Iost 

Filho et al., 2022), this method was not applied. This decision stemmed from PCA being considered an 

intermediate method, optionally used for regression techniques, factor analysis, clustering analysis, or predictive 

methods including Random Forest. The results also suggest that the spectral extremes analyzed can be widely 

influenced by the seed treatment process, indicating a potential area for seed classification based on non-

destructive attributes and statistical efficiency. 

 

Figure 5. Analysis of coefficients in Ridge Regression (A) and evaluation of variable importance in the 

algorithm using the Gini Decrease Index (B), using spectral values of lettuce seeds subjected to hydropriming 

The predictive metrics were compelling and indicate potential applicability of spectra when analyzed with 

machine learning algorithms. To our knowledge, this is the first algorithm for early selection of lettuce seeds using 

this technology, although promising results exist for other species. Different preprocessing methods and machine 

learning techniques offer significant advantages in identifying seed vigor and can effectively improve accuracy 

and efficiency (Xu et al., 2022). The algorithm combining preprocessing, wavelength selection, and machine 

learning showed promising results in classifying seeds of different species. According to Xu et al., 2022, the DE-

UVE-ANN algorithm achieved the best discrimination results, with a prediction accuracy of 95.24% for maize 

seed viability. Using performance metrics from the MLP-ANN prediction algorithm (Iost Filho et al., 2022), 

overall accuracy ranged from 72% to 73%. In contrast, the Kappa coefficient and other algorithm-related metrics 

(Precision and Recall) also reached values of 0.70 in the test set for soybean plants under abiotic stress. For the 

proposed analysis in lettuce seed quality classification, predictive power metrics are likely to be enhanced by 

including new observations or adding more seed parameters that have not yet been considered. For example, seed 

weight, seedling size, and other attributes in the early growth stages of plants could be used in seed classification. 

Parameters such as yield, vegetation indices, and plant size showed high correlation, measured by Spearman 

correlation, with the wavelengths analyzed by the Random Forest algorithm in classifying soybean genotypes in 

different environments (Parmley et al., 2019). However, the mentioned characteristics demonstrate the 

effectiveness and reliability of the algorithm in classifying different seed classes based on spectral information 
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from images. These findings confirm the applicability and utility of the Random Forest and SMOTE algorithm in 

this specific context. 

 

Figure 6. ROC curves of Random Forest SMOTE (A) and performance metrics (Accuracy, AUC, Kappa) 

(B), ROC curves of Random Forest (C) and performance metrics (Accuracy, AUC, Kappa) (D), using spectral 

values from lettuce seeds subjected to hydropriming 

Although the main groups of bands providing information on the influence of hydropriming on the spectral 

characteristics of lettuce seeds have been identified, variations in spectral scale values may be influenced by 

various factors, including the biochemical composition of the seeds. Previous research highlights the relationship 

between different spectral bands and biochemical content. Spectral bands at 1449.28 nm are primarily related to 

water content (Krepper et al., 2018; Xu et al., 2022). In the range of 1100 to 1250 nm, bands are related to the 

overtones of CH stretching modes of CH3 and CH2 groups, as well as their combinations (Choi et al., 2020). 

Spectra located in the regions of 1200 and 1300 to 1400 nm are associated with the presence of carbohydrates 

(Alhamdan and Atia, 2017; Yin et al., 2017). Protein content is associated with bands 1208, 1420, 1430, 1450, 

1465, and 1550 nm (Loewe et al., 2017; Yin et al., 2017). Differences in reflectance of bands between 1399 to 

1699 nm have been linked to C-H and O-H bonds, also related to water activity and phenolics (Nicolaï et al., 2007). 

The wavelength region of 1700 to 1710 nm is related to C-H bonds (particularly CH3), relevant to organic materials 

such as fatty acids (Choi et al., 2020). Seed viability is not limited to the reflectance in the spectral image but is 



 

JOTAF/ Journal of Tekirdag Agricultural Faculty, 2026, 23(1) 

95 

 

intrinsically linked to the integrity of the seeds themselves (Zhang et al., 2020). Therefore, bio-chemical analysis 

would be appropriate to correlate and explain the variation in wavelengths and their changes during different 

phases of hydropriming treatment of lettuce seeds. 

3.2. Performance of Hydroconditioned Seeds and Machine Learning Models 

When seeds subjected to hydropriming were evaluated using hyperspectral analysis, germination, and vigor 

tests, different levels of vigor were revealed for both the Roxa and Vanda genotypes (Tables 1 and 2). The moisture 

content varied in both cases. However, for the treatments, the unprimed seeds of the Roxa genotype, which had 

higher moisture content (lot 7), also demonstrated a higher vigor index compared to lots 2, 6, and 8, and greater 

average seedling length compared to the other lots as indicated by SVIS® (Table 1). In the Roxa genotype, lots 2 

and 4 among the unprimed seeds exhibited superior performance in the germination and first germination count 

tests. For dry hydroprimed seeds, lots 2 and 7 showed superior performance in germination, emergence, and 

seedling emergence rate index tests compared to the other studied lots. After hydropriming, drying, and subsequent 

storage, lot 2 continued to show superior performance in emergence, seedling emergence rate index, and seedling 

uniformity tests compared to the other lots. There was a notable reduction in the ability of seeds from lot 8 to 

maintain germination and seedling production after hydration and the storage period (Table 1). 

Table 1. Quality parameters of lettuce seeds from the Roxa genotype, including moisture content (MC), 

first germination count (FGC), germination (G), germination after accelerated aging with NaCl saturated 

solution (AA), seedling emergence (SE), seedling emergence rate index (SEI), vigor index (VI), uniformity 

index (UI), and average seedling length (Length) obtained by SVIS® for unprimed, dry hydroprimed, and 

hydroprimed stored seeds 

Roxa 

Lot 
MC FGC G AA SE SEI VI UI Length 

..................................... % ..................................... ................. Index ................. cm 

Unprimed 

2 5.85 98 a 98 a 98 a 96 a 16 a 764 bc 785 a 3.54 b 

4 6.25 95 ab 95 ab 94 abc 93 ab 16 a 788 ab 785 a 3.56 b 

6 4.9 89 c 89 c 96 ab 88 b 14 b 697 c 781 a 3.01 c 

7 7.15 91 bc 91 bc 91 bc 93 ab 15 ab 851 a 780 a 4.13 a 

8 5.15 93 bc 93 bc 89 c 90 ab 15 ab 763bc 746 a 3.52 b 

CV . 3.3 3.3 3.65 4.28 5.08 10.6 5.91 13.47 

Dry hydroprimed 

2 5.57 96 a 96 a 90 a 99 a 17 a 706 b 764 ab 3.11 b 

4 6.35 91 a 94 ab 67 b 95 b 14 b 721 ab 763 ab 3.24 b 

6 6.33 91 a 91 b 76 b 89 c 14 b 719 b 756 ab 3.29 b 

7 7.1 94 a 95 ab 73 b 96 ab 16 a 790 a 779 a 3.66 a 

8 6.13 91 a 91 b 66 b 91 c 15 b 675 b 715 b 2.99 b 

CV . 4.73 2.91 9.45 2.57 4.63 9.46 7.27 10.44 

Hydroprimed stored 

2 3.5 97 a 97 a 58 a 100 a 16 a 841 a 822 a 3.84 a 

4 6.22 92 ab 92 ab 38 b 87 b 13 b 746 b 747 b 3.41 b 

6 5.7 84 c 84 c 61 a 82 b 13 b 743 b 684 c 3.4 b 

7 4.67 93 ab 93 ab 44 b 90 b 14b 843 a 774 b 3.85 a 

8 5.59 92 b 92 b 23 c 87 b 13 b 774 b 753 b 3.51 b 

CV . 3.67 3.67 14.74 6.09 6.83 9.46 7.27 10.44 

Means sharing the same letter do not differ significantly according to the LSD test (p ≤ 0.05) 

In the case of the Vanda genotype, lots 4 and 5 demonstrated the best performance among the unprimed seeds 

in the first germination count, germination, and accelerated aging tests compared to the other lots (Table 2). Lot 4 

showed better vigor index, uniformity, and average seedling length compared to lots 7, 8, and 9. Lot 5 showed 

superior performance in the emergence tests and seedling emergence rate index compared to lots 7, 8, and 9 (Table 

2). After the hydropriming and drying process, lot 5 showed a difference compared to lots 7, 8, and 9 in terms of 



Trujillo & Velasquez-Vasconez & Alves & Iost-Filho & Gomes-Junior 

Hyperspectral Imaging and Machine Learning for Assessing the Germination of Hydroprimed Lettuce Seeds 

96 

 

emergence, seedling emergence rate index, vigor, uniformity, and average seedling length tests. After 

hydropriming and storage, lots 4 and 5 presented superior results in germination and first germination count tests 

(Table 2). 

Table 2. Quality parameters of lettuce seeds from the Vanda genotype, including moisture content (MC), 

first germination count (FGC), germination (G), germination after accelerated aging with NaCl saturated 

solution (AA), seedling emergence (SE), seedling emergence rate index (SEI), vigor index (VI), uniformity 

index (UI), and average seedling length (Length) obtained by SVIS® for unprimed, dry hydroprimed, and 

hydroprimed stored seeds 

Vanda 

Lot 
MC FGC G AA SE SEI VI UI Length 

.................................... % .................................... .................. Index .................. cm 

Unprimed 

4 7.1 99 a 99 a 99 a 97 ab 16 ab 845 a 802 a 4.01 a 

5 6.75 98 a 98 a 98 a 98 a 17 a 809 ab 780 ab 3.8 ab 

7 6.4 86 b 86 b 86 b 92 bc 15 bc 768 b 742 b 3.44 c 

8 6 88 b 88 b 88 b 89 c 15 c 785 b 744 b 3.65 bc 

9 5.9 87 b 87 b 84 b 89 c 14 c 763 b 752 b 3.59 bc 

CV . 3.54 3.54 4.34 4.11 5.03 6.04 5.22 6.13 

Dry hydroprimed 

4 6.22 96 ab 96 ab 49 c 100 a 15 ab 811 ab 771 a 3.8 ab 

5 7.2 98 a 98 a 56 bc 99 a 16 a 852 a 774 a 4.06 a 

7 7.37 85 cd 92 b 66 b 88 b 14 bc 749 b 708 b 3.49 b 

8 5.94 91 bc 95 ab 85 a 87 b 14 bc 652 c 713 b 2.75 c 

9 5.66 84 d 94 ab 62 bc 90 b 13 c 601 c 702 b 2.49 c 

CV . 4.23 3.38 14.92 2.45 4.07 12.08 6.6 15.7 

Hydroprimed stored 

4 7.24 98 a 98 a 25 d 83 b 12 b 724 b 748 b 3.23 ab 

5 3.36 98 a 98 a 31 c 97 a 15 a 772 ab 798 a 3.49 a 

7 5.29 84 bc 84 bc 49 b 91 a 14 a 729 b 775 ab 2.93 bc 

8 5.76 88 b 88 b 70 a 91 a 14 a 785 a 813 a 3.19 ab 

9 7.55 81 c 81 c 29 cd 95 a 14 a 665 c 732 b 2.79 c 

CV . 3.85 3.85 10.01 5.39 6.22 7.01 6.2 11.49 

Means sharing the same letter do not differ significantly according to the LSD test (p ≤ 0.05) 

The germination performance and vigor tests conducted with the same seeds demonstrated the effectiveness of 

the methodology based on robust machine learning algorithms in predicting seed performance, as illustrated by 

the germination test results (Table 3). Note that the first canonical correlation R is 0.96 and 0.99 for the Roxa and 

Vanda genotypes, respectively, corresponding to the correlation between the first pair of canonical variables, L 

(1). The R² values of 0.91 and 0.99 indicate that 91% of the data variability is explained by this correlation for the 

Roxa genotype and 98% for the Vanda. The test for the hypothesis that the first canonical correlation and all the 

remaining ones are equal to zero in the population is based on the Lambda statistic with 9 degrees of freedom. In 

this experiment, the value of the statistic is associated with a 'p' value less than 0.001. Therefore, the first canonical 

correlation between the machine learning methodology and the seed germination performance tests was 

significantly different. The second canonical correlation, R= 0.89 (Roxa) and 0.95 (Vanda), and the smaller 

correlations were not significantly different from zero, as can be seen from the other 'p' values in Table 3. Therefore, 

one canonical correlation would be sufficient to measure the association between both types of seed analysis 

methodologies used here. However, it is crucial to emphasize that the impact of hydropriming on seed performance 

was variable, both for dry hydroprimed seeds and hydroprimed stored seeds, which allowed for vigor classification 

at different levels. When seeds are hydroprimed, enzyme activity is affected, and the internal structure of protein 

molecules is disrupted (Farooq et al., 2021). As a seed treatment, it generates noticeable effects on the subsequent 

development of seedlings (Karaman et al., 2021). This not only impacts seed germination but also leads to 
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differences in their spectral reflectance, and these differences provide the possibility of identifying the 

physiological potential of the seeds (Xu et al., 2022). 

Table 3. Canonical correlations between seed analysis methodologies based on spectral image values in 

the bands 388.74 and 1005.98 nm, and lettuce seed vigor tests including moisture content (MC), first 

germination count (FGC), germination (G), germination after accelerated aging with NaCl saturated 

solution (AA), seedling emergence (SE), seedling emergence rate index (SEI), vigor index (VI), uniformity 

index (UI), and average seedling length (Length) obtained by SVIS® for unprimed, dry hydroprimed, and 

hydroprimed stored seeds 

Roxa 

 L (1) L (2) 

R 0.96 0.89 

R² 0.91 0.79 

Lambda 32.09 12.57 

df 18 8 

p-value 0.02 0.13 

Vanda 

 L (1) L (2) 

R 0.99 0.95 

R² 0.99 0.91 

Lambda 53.03 19.39 

df 18 8 

p-value 0.02 0.01 

Hydropriming has been shown to significantly influence the hyperspectral attributes of lettuce seeds, as 

evidenced by the results of spectral analysis. The treatments applied resulted in notable differences in spectral 

bands, with varying impacts on different lettuce genotypes. This variation highlights the importance of considering 

the response to hydropriming independently for each seed genotype, as emphasized by different authors (Feng et 

al., 2019; Huang et al., 2016; Wu and Sun, 2013). Furthermore, the analysis of variance (ANOVA) and multivariate 

analysis of variance (MANOVA) revealed distinct response patterns among genotypes and seed treatments, 

demonstrating a significant interaction between these factors. These findings are consistent with previous research 

that underscores the importance of genotype × treatment interaction in determining the hyperspectral properties of 

seeds (Jones et al., 2018), reinforcing the need for a comprehensive approach in evaluating lettuce seed quality for 

classification purposes, including variables of interest in seed production programs. 

One of the significant contributions of this research is the identification of spectral bands that can be useful in 

predicting the physiological state of seeds and in developing non-destructive classification techniques. Our data 

support existing literature on the use of hyperspectral imaging in seed technology (Alves et al., 2023; Cheng et al., 

2023; He et al., 2019; Huang et al., 2016). Experimental results, covering different spectral bands, demonstrate 

that our analysis performs favorably in selecting spectral bands, consistent with other studies. This analytical 

approach offers advantages over other data preprocessing algorithms, such as PCA, which showed lower 

sensitivity to outliers, that is, extreme values that could distort the results (Cheng et al., 2023; J. Xia et al., 2016). 

In this context, the study by Alves et al. (2023) enabled the extraction of features and dimensionality reduction for 

the selection of important bands in seed classification (28 best-ranked bands out of the 281 bands), which facilitates 

the application of other machine learning models. 

The results from seed germination and vigor tests, compared with machine learning algorithms, showed the 

utility of spectral bands in seed classification, especially those associated with moisture content. The Random 

Forest algorithm highlighted the importance of certain spectral bands, such as those in the range of 384 to 390 nm, 

in predicting differences in seed spectral characteristics and their relationship with germination. These bands 

emerged as essential predictors, underscoring the utility of hyperspectral imaging in the detailed characterization 

of seed properties across different genotypes. 
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The integration of Random Forest and SMOTE resulted in significant improvements in specificity, precision, 

and sensitivity of the algorithm, making it more robust and reliable in handling imbalanced datasets, as common 

in data analyses integrating different factors. This combination of hyperspectral imaging techniques with predictive 

algorithms has shown promising results in predicting seed performance under various conditions. Thus, the 

integration of hyperspectral imaging techniques with advanced machine learning algorithms validated with seed 

germination and vigor performance tests offers new perspectives for evaluating and pre-selecting high-quality 

lettuce seeds based on physiological differences. We invite researchers to enhance the predictive power of the 

algorithm-based methodology by including new observations and parameters for future research applications. 

4. Conclusions 

This research demonstrated that hydropriming significantly affects the spectral properties of lettuce seeds, with 

genotype-dependent variations observed between Roxa and Vanda. The integration of hyperspectral imaging with 

machine learning algorithms, including Random Forest and SMOTE, facilitated the identification of critical spectral 

bands linked to physiological performance, notably within the 384.7–390 nm range (região ultravioleta, UV-C). This 

approach proved to be effective, precise, and non-destructive for seed classification in terms of quality and vigor, 

presenting a promising tool for seed evaluation and selection in breeding and production programs. 
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