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Abstract 

 
The Malaysian jackfruit (Artocarpus heterophyllus) industry is increasingly challenged by a physiological 
disorder known as jackfruit bronzing, attributed to Pantoea stewartii subsp. stewartii. This disorder 
manifests as a yellowish-orange to reddish discolouration of the pulp while leaving the rind visually 
unaffected, leading to substantial postharvest quality and economic losses. The Tekam Yellow cultivar, in 
particular, has demonstrated high susceptibility to this condition. This study aimed to evaluate the potential 
of visible near-infrared spectroscopy (Vis–NIRS) as a non-destructive analytical tool for the early detection 
of internal bronzing through the estimation of rind and flesh colour parameters (L*, a*, b*, C*, ΔE, and h°). 
Spectral data were collected from the rind surface of intact jackfruit samples at 10, 12, and 14 weeks after 
anthesis (WAA) across the 500–950 nm wavelength range. Partial Least Squares Regression (PLSR) 
models were developed to establish the relationship between spectral reflectance and reference colour 
metrics. Various spectral pre-processing techniques—including Savitzky–Golay smoothing, Standard 
Normal Variate (SNV), and Multiplicative Scatter Correction (MSC)—were applied to enhance signal 
quality and minimise scattering effects. The optimised models demonstrated high predictive accuracy, with 
coefficients of determination for calibration (Rc²) and prediction (Rp²) reaching up to 0.98. Correspondingly, 
root mean square errors of calibration (RMSEC) and prediction (RMSEP) were as low as 0.29. Overall, 
calibration performance remained consistently strong across traits and maturities (Rc² ≥ 0.62), indicating 
that the model structures effectively captured the spectral–colour relationships within the calibration dataset. 
In contrast, the predictive performance of independent validation models varied substantially between 
normal and bronzing conditions. Under normal conditions, several models achieved excellent predictive 
accuracy—for instance, rind colour L* at 10 WAA (Rp² = 0.95, RPD = 16.19) and flesh colour L* at 10 
WAA (Rp² = 0.98, RPD = 10.88). Conversely, models developed under bronzing conditions frequently 
exhibited lower predictive coefficients (Rp²) and residual predictive deviation (RPD) values (< 1.0), 
suggesting greater spectral heterogeneity and reduced stability in diseased tissues.These findings imply that 
while overfitting was not evident during calibration, the spectral–chemical mapping was less robust under 
pathological or variable maturity conditions, thereby reducing external validity. Complementary destructive 
reference measurements were conducted and analysed using analysis of variance (ANOVA) followed by 
Fisher’s Protected Least Significant Difference (FPLSD) test at p ≤ 0.05 to confirm the significance of 
observed differences. Collectively, the results demonstrate that Vis–NIRS applied through the rind offers a 
promising non-invasive approach for the rapid and accurate detection of internal bronzing in Tekam Yellow 
jackfruit, facilitating improved quality monitoring and early disease detection at both harvest and 
postharvest stages. This work highlights the potential of Vis–NIRS as a practical, high-throughput 
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phenotyping and quality assurance tool to support sustainable value-chain management in the Malaysian 
jackfruit industry. 

Keywords: jackfruit, robust predicting, Pantoea stewartii, visible near infrared spectroscopy (Vis-NIRS), 
intact, fruit bronzing, colour metrics 

1. Introduction 

Visible near-infrared (Vis-NIR) spectroscopy has become an increasingly prominent analytical technique 
for evaluating internal quality attributes in agricultural produce. Its rapid, non-destructive, and reagent-free 
nature has made it especially valuable for postharvest quality control, grading, and storage management 
[25]. Over the past decade, Vis-NIR spectroscopy has been successfully applied to a range of fruit species, 
including apples [20, 25, 34 & 42], kiwifruit [4, 40 & 50], citrus [29 & 33], mango [6 & 60], durian [49], 
pear [14 & 47], and grape [19]. These studies collectively demonstrate the technology’s capacity to predict 
internal attributes such as colour, firmness, soluble solids content (SSC), and titratable acidity with high 
precision, even under variable environmental or physiological conditions [7, 24, 27 & 32]. 

Despite its broad application across fruit species, Artocarpus heterophyllus Lam. cv. Tekam Yellow 
(jackfruit) remains underrepresented in Vis-NIR research, particularly concerning internal physiological 
disorders such as bronzing. Bronzing disorder is a serious postharvest issue caused by Pantoea stewartii 
subsp. stewartii, often associated with ChrysSA sp. flea beetles [28]. The disease affects internal tissues—
particularly the pulp and rags—without exhibiting visible external symptoms. Internally, affected fruits 
display yellowish-orange to reddish discoloration with rust-like specks [3, 30 & 69], leading to reduced 
consumer acceptance and marketability despite minimal changes in taste or nutritional quality [21 & 28]. 
Conventional destructive assessment methods, such as slicing or juicing, are not only labour-intensive but 
also ineffective in detecting hidden internal disorders. Consequently, the development of non-invasive and 
rapid diagnostic tools is crucial for enhancing quality assurance in the jackfruit supply chain. 

The accuracy of Vis-NIR models, however, is often influenced by biological variability, including cultivar 
differences, environmental stress, and disease incidence, which can alter spectral reflectance and scattering 
properties [23 & 52]. These sources of variation challenge the stability of predictive models, especially for 
fruits with heterogeneous structures such as jackfruit. To address these complexities, multivariate 
regression methods—particularly partial least squares regression (PLSR)—are widely employed. PLSR 
effectively manages the collinearity inherent in spectral datasets by projecting predictor variables into a 
reduced latent space that maximizes covariance with the response variables [44]. This capability enables 
robust model calibration and enhances interpretability compared to principal components regression [10]. 
Complementary statistical tools such as analysis of variance (ANOVA) and other multivariate techniques 
further assist in identifying factors affecting model performance and calibration reliability [59 & 68]. 

While full-range Vis-NIR spectra provide abundant chemical and physical information, many wavelengths 
may contribute little or even introduce noise into predictive models [67]. Therefore, feature selection and 
variable reduction are critical to isolate informative bands and enhance both computational efficiency and 
predictive accuracy [31]. Equally important is the use of spectral preprocessing techniques to mitigate 
unwanted variations caused by light scattering, baseline shifts, and instrument drift [55]. Such 
pretreatments—commonly including smoothing, standard normal variate (SNV), and multiplicative scatter 
correction (MSC)—are essential for improving the signal-to-noise ratio and enhancing calibration 
robustness. 

In this study, twelve different preprocessing combinations were systematically evaluated, encompassing 
three smoothing filters (Savitzky–Golay, Gaussian, and Median) combined with SNV and MSC in 
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sequential or pairwise configurations. This methodological approach was designed to identify the optimal 
spectral conditioning strategy for predicting internal attributes across three jackfruit maturity stages (10, 12, 
and 14 weeks after anthesis) [2]. Although no prior study has tested twelve distinct pipelines, previous 
investigations have shown that the effectiveness of any single or combined preprocessing method depends 
on both the fruit matrix and analytical objective [43, 58 & 62]. Thus, a comprehensive evaluation of multiple 
combinations is justified to ensure generalizability and reduce overfitting in Vis-NIR-based predictive 
models. 

The experimental design also emphasizes the importance of developing light-stable spectral acquisition 
protocols and rigorous chemometric frameworks for non-destructive fruit analysis. Parameters measured 
include rind and flesh colour metrics (L*, a*, b*, C*, ΔE, and h°), while model development focuses on 
classifying fruit condition (healthy versus bronzed) using PLSR. By investigating how biological variability, 
instrumental parameters, and measurement conditions influence model robustness, the study seeks to refine 
the predictive capacity of Vis-NIR spectroscopy for tropical fruits. 

Overall, this research aims to: (i) develop a stable Vis-NIR experimental protocol suitable for large, 
heterogeneous fruits such as jackfruit; (ii) construct robust PLSR-based models capable of discriminating 
between healthy and bronzing-affected fruits; and (iii) evaluate the impact of biological and instrumental 
variability on model performance. The outcomes are expected to contribute to a standardized 
methodological framework that enhances the reliability and scalability of Vis-NIR technology for non-
destructive quality assessment in jackfruit, ultimately supporting its broader adoption in tropical fruit 
postharvest management systems. 

2. Materials and methods 

 

2.1 Plant material and harvesting stages 

Jackfruit (Artocarpus heterophyllus Lam. cv. Tekam Yellow) samples were obtained from a commercial 
orchard operated by Agro BS Sdn. Bhd., Jasin, Melaka, Malaysia (2°23’31.5049” N, 102°25’7.4781” E). 
Across three harvesting seasons, 54 fruits (syncarps) were collected in three independent batches. Both 
bronzed and healthy fruits were sampled at three maturity stages: 10, 12, and 14 weeks after anthesis 
(WAA). For each maturity stage, six fruits per batch were harvested, placed in ventilated plastic sacks, and 
transported within two hours to Universiti Putra Malaysia for subsequent analyses. 

2.2 Spectral acquisition 

Spectral data of both rind and flesh were collected using a visible–near infrared (Vis–NIR) spectrometer 
(HR4000, Ocean Optics Inc., USA) operating in the 200–1100 nm range, with the analytical region limited 
to 500–950 nm. Measurements were performed in reflectance mode with a 1.5 cm scanning aperture. The 
halogen light source (HL-2000, Ocean Optics Inc., USA) was stabilised for 30 minutes before use. 

A white reference (~100% reflectance) was recorded before each session, ensuring dust-free calibration. 
Spectra were captured in triplicate at the same position and averaged to obtain representative data. The 
setup comprised a high-resolution fibre optic probe (0.5 nm spectral resolution) housed in a light-proof 
black chamber to minimise ambient interference. All measurements were conducted in a dark room to 
enhance the signal-to-noise ratio. The same samples were later subjected to chemical analyses of rind and 
flesh quality parameters. 

2.3 Refences methods rind and flesh colour 
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Spectral data were processed using The Unscrambler X version 10.3 (CAMO Software AS, Norway). The 
dataset was divided into calibration (75%) and validation (25%) subsets using an independent sample 
selection approach to ensure unbiased model assessment. The calibration subset was employed to construct 
regression models, whereas the validation subset was reserved for external performance testing. Model 
robustness was further examined through leave-one-out full cross-validation [7 & 64]. Prior to modelling, 
samples were sorted in ascending order based on colour metrics (L*, a*, b*, C*, ΔE, and h°) of both rind 
and flesh [7, 22 & 37], followed by random allocation by the software. 

Considering that spectral features of intact jackfruit can be affected by surface roughness and thorn density, 
various spectral pre-processing techniques were evaluated to enhance signal quality and model accuracy. 
These included Savitzky–Golay smoothing, baseline correction, median filtering, Gaussian filtering, 
standard normal variate (SNV), and multiplicative signal correction (MSC) [1]. Partial Least Squares 
Regression (PLSR) was then applied to establish the quantitative relationship between the Vis–NIR spectra 
and the corresponding reference chemical parameters. This chemometric approach not only facilitates the 
quantification of targeted constituents but also enables the inference of their underlying chemical 
behaviours through spectral response patterns [63]. 

Analyses were restricted to the 500–950 nm spectral range, which corresponds to the Vis–NIR region most 
responsive to fruit biochemical attributes. Spectral datasets were pre-processed to remove noise and 
anomalous readings, with approximately 5% of extreme spectra excluded [2]. The refined dataset comprised 
1,620 effective spectra from rind and flesh samples. 

Model performance was evaluated based on several statistical indicators, including the coefficients of 
determination for calibration (R²c) and cross-validation (R²v), the root means square error of calibration 
(RMSEC), the root means square error of cross-validation (RMSEV), and model bias [64]. The optimal 
model was selected based on the combination of high R²c and R²v values with minimal RMSEC, RMSEV, 
and bias. Furthermore, model predictive accuracy was quantified using standard performance metrics—
coefficient of determination (R²; Equation 1), RMSEV (Equation 2), and RMSEC (Equation 3)—which 
collectively assess the degree of agreement between predicted and reference values [2]. The equations used 
for these metrics are presented as follows: 

Equation 1: 𝑅2 = ∑ (ŷi − yi)2௡௜=1∑ (ŷi − ym)2௡௜=1  

 

Equation 2:  

𝑅ܸܧܵܯ = √ 1nv − 1 ∑(ŷi − yi − bias)2௡௩
௜=1  

 

Equation 3: 

𝑅ܥܧܵܯ = √ 1nc − 1 ∑(ŷi − yi)2௡௖
௜=1  
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Where - n as the total number of data samples, - nc as the count of calibration data samples, - nv as the 
count of validation data samples, - ŷi as the predicted value, - yi as the actual value, and - ym as the mean 
actual value. The average deviations between the predicted and actual values are noted as a potential bias 
(Equation 4).  

Equation 4: ݏܽ݅ܤ = 1nv ∑(ŷi − yi)          ௡௩
௜=1  

Model calibration involved 0–7 latent variables (LVs) as recommended by [52] and [57]. Lower RMSEC 
and RMSEV values indicated better model performance [5 & 63]. 

A regression model based on the Partial Least Squares (PLS) framework was employed to develop 
calibration and validation models for both rind and flesh colour metrics (L*, a*, b*, C*, ΔE, and h°) 
following the initial stage of spectral pretreatment. To ensure model reliability and minimize overfitting, a 
random cross-validation procedure was applied to the calibration dataset. The external validation dataset 
was subsequently used to evaluate the predictive performance of the established regression models. 

The Root Mean Square Error of Calibration (RMSEC) was used as a measure of how accurately the 
calibration models could predict reference values within the calibration dataset. Lower RMSEC values 
indicate a higher degree of model accuracy and reduced prediction error [5 & 57]. Similarly, the Root Mean 
Square Error of Validation (RMSEV) was employed as a statistical index to evaluate model performance 
on the independent validation dataset during the second stage of pretreatment. RMSEV represents the 
average prediction error expected when the calibration model is applied to new, unseen samples for both 
rind and flesh colour metrics (L*, a*, b*, C*, ΔE, and h°) measurements. 

In this study, the number of latent variables (LVs) used in the PLS models ranged from 0 to 7, following 
the recommendations of [52] and [57], who demonstrated that appropriate LV selection is essential for 
constructing robust and generalisable predictive models. 

Here, n denotes the total number of samples, nc and nv represent the number of samples used for calibration 
and validation, respectively. The predicted value is expressed as ŷi, the corresponding measured (reference) 
value as yi, and the mean of measured values as ym. The average difference between predicted and reference 
values was calculated as bias (Equation 5), while the Residual Predictive Deviation (RPD) value (Equation 
6) was determined to evaluate the predictive strength and stability of the PLS models. 

Equation 5: ݏܽ݅ܤ = 1nv ∑ (ŷi − yi)          ௡௩௜=1   

Equation 6: 𝑅ܲܦ = SDRMSEP    

The experiment followed a completely randomised design (CRD) with three replicates. Analysis of variance 
(ANOVA) was performed to determine treatment effects, and mean comparisons were conducted using 
Fisher’s Protected Least Significant Difference (LSD) test at p ≤ 0.05. All statistical computations and 
correlation analyses were carried out in R software (version 4.0.4). 
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3. Result  

3.1 Spectral Characteristics of Jackfruit Rind 

Figures 1 and 2 present the unprocessed spectral reflectance profiles of healthy and bronzing-affected 
jackfruit samples at 12 weeks after anthesis (WAA), whereas Figures 3 and 4 display the corresponding 
preprocessed Vis–NIR spectra, derived from a total of 1,620 samples. In the Vis–NIR region, most 
absorption bands represent either overtones or combinations of fundamental absorption features in the 
infrared region, producing broad and overlapping peaks—a phenomenon frequently reported in fruits and 
vegetables [46]. 

The average absorption pattern, derived from thirty discrete portions of each jackfruit sample, revealed 
distinct spectral characteristics across the rind’s latitudinal zones. To assess spatial spectral variability, the 
rind was systematically segmented into five layers: top (A1–A6), middle-top (B1–B6), middle (C1–C6), 
middle-bottom (D1–D6), and bottom (E1–E6). Broad absorption patterns in the Vis–NIR range were 
attributed to overlapping signals from complex molecular vibrations, combination bands, and overtones of 
spectrally active functional groups. Both healthy and bronzing-affected fruits exhibited pronounced 
absorption peaks near 675 nm and 945 nm. A notable absorption feature was also observed around 970 nm, 
consistent with the second overtone of water reported in apples [45]. Spectral features between 940 nm and 
970 nm may additionally be linked to sucrose content, as indicated in passion fruit [39], whereas a minor 
absorption at 970 nm could be associated with fructose presence, corroborating findings in canned tender 
jackfruit [9]. Collectively, these results highlight the influence of water- and sugar-related compounds on 
the Vis–NIR spectral response of jackfruit rind and confirm the presence of chemically meaningful 
absorption patterns relevant to fruit physiology and postharvest quality assessment. 

The unprocessed spectrum for healthy jackfruit at 12 WAA is shown in Figure 4, while Figure 5 depicts 
the corresponding spectrum for bronzing-affected rind. These raw spectra illustrate scattering effects and 
baseline shifts. After preprocessing using the Savitzky–Golay smoothing and standard normal variate (SNV) 
correction methods, the spectra for normal and bronzing fruits are shown in Figures 6 and 7, respectively. 
In these pretreated spectra, significant absorption is evident in the 500–950 nm range, with distinct peaks 
at 760 nm and 970 nm, similar to those reported in durian pulp [57] (Saechua et al., 2021). The absorption 
at 760 nm corresponds to the third overtone of O–H stretching, while the 970 nm peak represents the second 
overtone of O–H stretching in water molecules [50]. 

Comparison of PLSR models derived from two scanning orientations revealed superior predictive 
performance when scanning was performed across all five latitudinal rind layers, with each layer divided 
into six portions (30 positions in total). The detailed performance metrics of PLSR models for predicting 
rind and flesh pH, as well as rind and flesh titratable acidity, across 10, 12, and 14 WAA in the 500–950 
nm range, are presented in Tables 4–10. The optimal model employed moving average smoothing with a 
12-segment combination, achieving the highest coefficients of determination and lowest root mean square 
errors for calibration, validation, and prediction datasets. 

The regression coefficient plots for the best-performing PLSR models (Figures 5-28) illustrate the critical 
wavelength regions for predicting rind and flesh pH, as well as titratable acidity. Prominent regression 
peaks were identified within the 700–1100 nm range, with absorption features for water at 754 nm (shifted 
to 760 nm due to the third overtone of O–H stretching) and at 979 nm (shifted to 970 nm due to the third 
overtone of C–H stretching). These wavelength-specific absorptions reinforce the role of water and organic 
constituents in driving the Vis–NIR spectral responses of jackfruit rind. 
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*The rind was systematically segmented into five layers—top (A1 to A6), middle-top (B1 to B6), middle (C1 to C6), 
middle-bottom (D1 to D6), and bottom (E1 to E6)—to assess spatial spectral variability. 
Figure 1 (Left): Mean spectral reflectance of raw material for normal fruit of 30 portions in 12 WAA. 
Figure 2 (Right): Mean spectral reflectance of raw material for bronzing fruit of 30 portions in 12 WAA. 
 

  
*The rind was systematically segmented into five layers—top (A1 to A6), middle-top (B1 to B6), middle (C1 to C6), 
middle-bottom (D1 to D6), and bottom (E1 to E6)—to assess spatial spectral variability. 
Figure 3: Pre-treated mean spectrum Vis-NIR reflectance for normal fruit of 30 portions in 12 WAA using 
Savitzky-Golay and SNV preprocessed spectral. 
Figure 4: Pre-treated mean spectrum Vis-NIR reflectance for bronzing fruit of 30 portions in 12 WAA using 
Savitzky-Golay and SNV preprocessed spectral. 
 
3.2 Performance of PLSR calibration and prediction models using twelve pretreatments 

 

3.2.1 Predictive performance of PLSR models for rind colour L*at 10 WAA 
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The outcomes of the partial least squares regression (PLSR) models for predicting jackfruit rind lightness 
(L*) from visible near-infrared (Vis-NIR) spectra (500–950 nm) demonstrated strong predictive capability 
under both normal and bronzed conditions. As presented in Table 1 and Figures 5–6, the optimal spectral 
pretreatment for Week 10 maturity was achieved using a combination of Savitzky–Golay smoothing and 
standard normal variate (SNV) correction, employing seven latent variables (LVs). 

For normal jackfruit rind, the calibration model yielded a coefficient of determination (Rc²) of 0.95 and a 
root mean square error of calibration (RMSEc) of 0.29, with the regression equation y = 0.947x + 0.143. 
The prediction model achieved an Rp² of 0.92 and RMSEp of 0.37 (y = 0.911x + 0.205), as shown in Figure 
5. The corresponding residual prediction deviation (RPD) value of 16.19 indicates excellent predictive 
performance, as RPD values greater than 3 are generally considered good, while values exceeding 5 denote 
outstanding model robustness and reliability for quantitative prediction. 

For bronzed jackfruit rind, the optimal configuration similarly involved Savitzky–Golay + SNV 
preprocessing with seven LVs. The calibration model achieved Rc² = 0.95 and RMSEc = 0.34 (y = 0.946x 

+ 0.105), while the prediction model produced Rp² = 0.90 and RMSEp = 0.43 (y = 0.884x + 0.271), as 
depicted in Figure 6. The corresponding RPD value of 6.66 also reflects a strong predictive model, suitable 
for reliable quantitative applications. 

Across maturity stages (10–14 WAA), RPD values ranged from 6.60 to 16.19 for normal fruits and 6.66 to 
13.62 for bronzed fruits, confirming the robustness and generalizability of the PLSR models in estimating 
rind colour lightness across different physiological conditions. Overall, these findings underscore the 
effectiveness of Vis-NIR spectroscopy combined with appropriate spectral pretreatment and PLSR 
modeling for non-destructive evaluation of jackfruit rind lightness (Artocarpus heterophyllus cv. Tekam 
Yellow), particularly at Week 10 maturity when the predictive models demonstrated the highest accuracy 
and stability. 

Table 1: Summary of principal results obtained in the PLS models effects of fruit condition and maturity stages 

(weeks after anthesis) on rind colour L* of jackfruit cv. Tekam Yellow. 
H WAA Mean  SD Rc² RMSEc Rp² RMSEp Bias Slope Offset Cor RPD 

N 10 36.61a 2.83 0.95 0.29 0.92 0.37 -0.02 0.91 0.20 0.96 16.19 

    
         

B 10 33.05c 6.01 0.95 0.34 0.90 0.43 0.05 0.88 0.27 0.95 6.66 

             

N 12 35.14b 5.17 0.94 0.37 0.91 0.43 0.04 0.89 0.18 0.96 8.69 

    
         

B 12 36.08ab 3.75 0.93 0.40 0.93 0.37 -0.01 0.91 0.17 0.97 13.95 

             

N 14 31.53d 6.09 0.91 0.37 0.79 0.57 0.04 0.85 0.26 0.89 6.60 

    
         

B 14 33.28c 3.75 0.89 0.32 0.80 0.45 -0.10 0.85 0.16 0.90 13.62 

H = Fruit condition, N = Normal, B = Bronzing, WAA = week after anthesis, SD = standard deviation, Cor = correlation, RPD = residual 

prediction deviation. 
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Figure 5: Scatter plots of referenced versus predicted normal rind colour L* in 10 WAA using reflectance 

spectral data with calibration model and prediction model. *• = Calibration Model, • = Prediction Model 

 
Figure 6: Scatter plots of referenced versus predicted bronzing rind colour L* in 10 WAA using reflectance 

spectral data with calibration model and prediction model. *• = Calibration Model, • = Prediction Model 

3.2.2 Predictive performance of PLSR models for flesh colour L* at 10 WAA 

The calibration and prediction outcomes using partial least squares regression (PLSR) within the 500–950 
nm reflectance spectrum demonstrated strong predictive capability for jackfruit flesh lightness (L*) at Week 
10. As summarised in Table 2 and Figure 7, the optimal spectral pretreatment for predicting normal (non-
bronzed) jackfruit flesh colour was the combination of standard normal variate (SNV) and multiplicative 
scatter correction (MSC), using seven latent variables (LVs). The calibration model achieved high accuracy, 
with Rc² = 0.98 and RMSEc = 0.42, and the regression equation y = 0.9808x + 0.3466. The prediction 
model also exhibited excellent performance, yielding Rp² = 0.98 and RMSEp = 0.38, described by y = 

0.972x + 0.5188. 

The residual prediction deviation (RPD) value of 10.88 confirms the exceptional predictive power of this 
model. According to [66], RPD values greater than 3 indicate good quantitative prediction, while values 
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exceeding 5 represent highly reliable and robust models suitable for analytical applications. Thus, the high 
RPD suggests that the PLSR model accurately characterises spectral variations corresponding to changes 
in jackfruit flesh colour lightness under normal conditions. 

For bronzed jackfruit flesh at Week 10, the most effective pretreatment involved Savitzky–Golay 
smoothing combined with SNV, also with seven LVs (Table 2; Figure 8). The calibration model achieved 
Rc² = 0.96 and RMSEc = 0.44 (y = 0.9581x + 0.3339), whereas the prediction model yielded Rp² = 0.92 
and RMSEp = 0.62 (y = 0.9698x + 0.2404). The associated RPD value of 16.21 demonstrates outstanding 
model performance, reflecting a high level of precision and stability even under physiological stress 
conditions that cause bronzing. 

Across both fruit conditions and maturity stages (10–12 WAA), RPD values ranged between 10.73 and 
16.21, signifying that all PLSR models developed for jackfruit flesh L* are highly reliable for quantitative 
assessment. These results underscore the potential of Vis–NIR spectroscopy, when coupled with 
appropriate spectral pretreatments and latent variable optimisation, to non-destructively and accurately 
predict flesh colour lightness (L)* of jackfruit (Artocarpus heterophyllus cv. Tekam Yellow) across 
different physiological states. 

Table 2: Summary of principal results obtained in the PLS models effects of fruit condition and maturity stages 

(weeks after anthesis) on flesh colour L* of jackfruit cv. Tekam Yellow. 
H WAA Mean  SD Rc² RMSEc Rp² RMSEp Bias Slope Offset Cor RPD 

N 10 81.84a 4.12 0.98 0.42 0.98 0.38 0.00 0.97 0.52 0.99 10.88 

             

B 10 76.43bc 10.02 0.96 0.44 0.92 0.62 0.01 0.97 0.24 0.96 16.21 

             

N 12 77.80b 8.81 0.94 0.72 0.93 0.81 0.00 0.95 0.31 0.96 10.84 

             

B 12 75.51c 6.72 0.97 0.91 0.95 0.63 0.12 0.98 0.26 0.98 10.73 

H = Fruit condition, N = Normal, B = Bronzing, WAA = week after anthesis, SD = standard deviation, Cor = correlation, RPD = residual 

prediction deviation. 
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Figure 7: Scatter plots of referenced versus predicted normal flesh clour L* in 10 WAA using reflectance 

spectral data with calibration model and prediction model. *• = Calibration Model, • = Prediction Model 

 

 
Figure 8: Scatter plots of referenced versus predicted bronzing flesh colour L* in Week 10 using reflectance 

spectral data with calibration model and prediction model. *• = Calibration Model, • = Prediction Model 

 
3.2.3 Predictive performance of PLSR models for rind colour a* at 12 WAA 

The calibration and prediction models using partial least squares regression (PLSR) within the 500–950 nm 
spectral range demonstrated a strong capability for predicting jackfruit rind colour a* at Week 12. As 
presented in Table 3 and Figure 9, the optimal spectral pretreatment for normal jackfruit rind was the 
combination of Savitzky–Golay smoothing and standard normal variate (SNV), employing seven latent 
variables (LVs). The calibration model yielded a coefficient of determination (Rc²) of 0.93 and a root mean 
square error of calibration (RMSEc) of 0.46, described by the regression equation y = 0.9296x + 0.1236. 
The corresponding prediction model achieved Rp² = 0.88 and RMSEp = 0.58, with y = 0.859x + 0.3018. 

The residual prediction deviation (RPD) value for this model was 4.74, indicating good quantitative 
predictive ability. According to established interpretative criteria (Williams & Norris, 2001; Fearn, 2002), 
RPD values between 3 and 5 denote models suitable for reliable screening and quantitative estimation, 
while values exceeding 5 represent highly accurate predictive performance. Thus, the model for normal 
rind a* demonstrates sufficient robustness for analytical evaluation of colour attributes using Vis–NIR data. 

For bronzed jackfruit rind colour a*, the best-performing pretreatment was also Savitzky–Golay combined 
with SNV, using five LVs (Table 3; Figure 10). The calibration model achieved Rc² = 0.92 and RMSEc = 
0.48 (y = 0.9171x + 0.2260), while the prediction model recorded Rp² = 0.92 and RMSEp = 0.47 (y = 

0.8913x + 0.2726). The corresponding RPD value of 7.04 signifies excellent predictive accuracy, 
confirming that the PLSR model effectively captures the spectral variations associated with changes in red–
green colour intensity under bronzing conditions. 

Across different maturity stages (12–14 WAA), RPD values for rind a* prediction ranged from 4.65 to 8.91, 
indicating that all developed models exhibit good to excellent predictive performance. The higher RPD 
values obtained for bronzed samples suggest that spectral variation due to pigment degradation or 
physiological stress is well represented by the latent variable structure. 
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Overall, these results highlight that Vis–NIR spectroscopy, when combined with Savitzky–Golay + SNV 
preprocessing and optimised PLSR modelling, provides a reliable and non-destructive approach for 
estimating the a* colour parameter of jackfruit rind (Artocarpus heterophyllus cv. Tekam Yellow) at 12 
WAA under both normal and bronzed conditions. 

Table 3: Summary of principal results obtained in the PLS models effects of fruit condition and maturity stages 

(weeks after anthesis) on rind colour a* of jackfruit cv. Tekam Yellow. 

H WAA Mean  SD Rc² RMSEc Rp² RMSEp Bias Slope Offset Cor RPD 

N 12 -1.04 2.73 0.93 0.46 0.88 0.58 0.06 0.86 0.30 0.94 4.74 

    
         

B 12 -2.76 3.28 0.92 0.48 0.92 0.47 -0.02 0.89 0.27 0.96 7.04 

             

N 14 -2.73 2.03 0.87 0.36 0.80 0.44 -0.01 0.83 -0.38 0.89 4.65 

    
         

B 14 -1.13 4.27 0.91 0.41 0.87 0.48 -0.12 0.92 0.08 0.94 8.91 

H = Fruit condition, N = Normal, B = Bronzing, WAA = week after anthesis, SD = standard deviation, Cor = correlation, RPD = residual 

prediction deviation. 

 
Figure 9: Scatter plots of referenced versus predicted normal rind colour a* in 12 WAA using reflectance 

spectral data with calibration model and prediction model. *• = Calibration Model, • = Prediction Model 
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Figure 10: Scatter plots of referenced versus predicted bronzing rind colour a* in 12 WAA using reflectance 

spectral data with calibration model and prediction model. *• = Calibration Model, • = Prediction Model 

 
3.2.4 Predictive performance of PLSR models for flesh colour a* at 14 WAA 

The results of the calibration and prediction models using partial least squares regression (PLSR) within 
the 500–950 nm spectral range for jackfruit flesh indicate that the optimal pretreatment for predicting the 
a* colour value of normal jackfruit flesh in Week 14 was standard normal variate (SNV) and baseline 
correction, both with one latent variable (LV), as shown in Table 4 and Figure 11. The calibration model 
yielded a coefficient of determination Rc² = 0.99 and a root mean square error of calibration (RMSEc) of 
0.84. The corresponding prediction model achieved Rp² = 0.99 and RMSEp = 0.98. The regression 
equations for the calibration and prediction models were y = 0.9925x + 0.0302 and y = 0.9869x + 0.2724, 
respectively. The residual prediction deviation (RPD) value of 2.31 indicates moderate predictive 
performance, suggesting that the model is suitable for approximate quantitative prediction of the flesh 
colour parameter in normal jackfruit. 

In contrast, the optimal pretreatment for predicting the a* colour value of bronzed jackfruit flesh in Week 
14, as presented in Table 4 and Figure 12, was identified as Savitzky–Golay smoothing combined with 
SNV, both with four LVs. The calibration model achieved Rc² = 0.94 and RMSEc = 0.61, while the 
prediction model recorded Rp² = 0.90 and RMSEp = 0.71. The corresponding calibration and prediction 
regression equations were y = 0.9359x + 0.4965 and y = 0.9309x + 0.5540, respectively. The RPD value of 
3.13 indicates excellent model performance, confirming the strong predictive capability of the Vis–NIR 
model in estimating the a* colour value of bronzed jackfruit flesh. 

These findings highlight the effectiveness of Vis–NIR spectroscopy, coupled with appropriate pretreatment 
strategies, in accurately predicting the a* colour parameter of jackfruit flesh under both normal and bronzed 
conditions during Week 14. The higher RPD value for bronzed flesh further demonstrates the model’s 
robustness and potential application for nondestructive quality assessment in jackfruit postharvest analysis. 

Table 4: Summary of principal results obtained in the PLS models effects of fruit condition and maturity stages 

(weeks after anthesis) on flesh colour a* of jackfruit cv. Tekam Yellow. 

H WAA Mean  SD Rc² RMSEc Rp² RMSEp Bias Slope Offset Cor RPD 

N 14 4.357a 2.26 0.99 0.84 0.99 0.98 0.21 0.99 0.27 1.00 2.31 
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B 14 2.576b 2.22 0.94 0.61 0.90 0.71 0.01 0.93 0.55 0.95 3.13 

H = Fruit condition, N = Normal, B = Bronzing, WAA = week after anthesis, SD = standard deviation, Cor = correlation, RPD = residual 

prediction deviation. 

 

 
Figure 11: Scatter plots of referenced versus predicted normal flesh colour a* in 14 WAA using reflectance 

spectral data with calibration model and prediction model. *• = Calibration Model, • = Prediction Model 

 

 
Figure 12: Scatter plots of referenced versus predicted bronzing flesh colour a* in 14 WAA using reflectance 

spectral data with calibration model and prediction model. *• = Calibration Model, • = Prediction Model 

3.2.5 Predictive performance of PLSR models for rind colour b* at 14 WAA 

The results from the calibration and prediction models using PLSR within the 500–950 nm spectral range 
indicate that the optimal pretreatment for predicting the b* colour value of normal jackfruit rind at Week 
12 was the combination of Savitzky–Golay smoothing and standard normal variate (SNV), using seven 
latent variables (LVs), as shown in Table 5 and Figure 13. The calibration model achieved an Rc² = 0.86 
and an RMSEc = 0.58, while the corresponding prediction model produced an Rp² = 0.72 and an RMSEp 
= 0.80. The regression equations for the calibration and prediction models were y = 0.8589x + 0.0634 and 
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y = 0.7757x + 0.1306, respectively. The residual prediction deviation (RPD) of 7.52 indicates excellent 
predictive performance, signifying that the model can reliably estimate the b* colour value of the normal 
rind with strong quantitative precision. 

For bronzed jackfruit rind at Week 12, as presented in Table 5 and Figure 14, the same pretreatment 
(Savitzky–Golay + SNV, with seven LVs) was also identified as optimal. The calibration model recorded 
Rc² = 0.89 and RMSEc = 0.44, while the prediction model achieved Rp² = 0.87 and RMSEp = 0.50. The 
regression equations were y = 0.891x + 0.1741 (calibration) and y = 0.8562x + 0.2682 (prediction). The 
RPD value of 11.49 indicates outstanding predictive capability, confirming the model’s robustness and 
suitability for accurate quantitative prediction of rind colour in bronzed jackfruit. 

The high RPD values observed for both normal and bronzed rind models (RPD > 7) suggest excellent 
predictive precision, far exceeding the minimum threshold (RPD ≥ 3.0) typically required for reliable 
analytical use. These results underscore the potential of Vis–NIR spectroscopy, when paired with suitable 
pretreatment strategies, as a non-destructive and highly accurate tool for assessing rind colour variations in 
jackfruit across different fruit conditions at 14 WAA. 

Table 5: Summary of principal results obtained in the PLS models effects of fruit condition and maturity stages 

(weeks after anthesis) on rind colour b* of jackfruit cv. Tekam Yellow. 

H WAA Mean  SD Rc² RMSEc Rp² RMSEp Bias Slope Offset Cor RPD 

N 10 22.85a 5.70 0.92 0.42 0.79 0.70 0.05 0.74 0.65 0.89 8.15 

    
         

B 10 20.80b 6.50 0.91 0.45 0.85 0.58 0.06 0.79 0.42 0.92 11.13 

             

N 12 15.30c 6.05 0.86 0.58 0.72 0.80 0.03 0.78 0.13 0.85 7.52 

    
         

B 12 20.98b 5.70 0.89 0.44 0.87 0.50 0.04 0.86 0.27 0.93 11.49 

             

N 14 23.00a 6.96 0.88 0.62 0.65 1.03 0.09 0.80 0.79 0.82 6.74 

    
         

B 14 19.64b 8.82 0.90 0.56 0.88 0.59 -0.11 0.93 -0.01 0.94 14.93 

H = Fruit condition, N = Normal, B = Bronzing, WAA = week after anthesis, SD = standard deviation, Cor = correlation, RPD = residual 

prediction deviation. 
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Figure 13: Scatter plots of referenced versus predicted normal rind colour b* in 14 WAA using reflectance 

spectral data with calibration model and prediction model. *• = Calibration Model, • = Prediction Model 

 
 

 
Figure 14: Scatter plots of referenced versus predicted bronzing rind colour b* in 14 WAA using reflectance 

spectral data with calibration model and prediction model. *• = Calibration Model, • = Prediction Model 

3.2.6 Predictive performance of PLSR models flesh colour b* at 14 WAA 

The outcomes of the calibration and prediction models using partial least squares regression (PLSR) within 
the 500–950 nm spectral range demonstrate that the most effective pretreatment method for predicting the 
b* colour value of normal jackfruit flesh at Week 14 was the Savitzky–Golay smoothing method with five 
latent variables (LVs). As shown in Table 6 and Figure 15, the calibration model achieved a coefficient of 
determination (Rc²) of 0.83 and a root mean square error of calibration (RMSEc) of 1.05, with the regression 
equation y = 0.8331x + 0.7870. The prediction model yielded an Rp² of 0.76 and an RMSEp of 1.24, with 
the regression equation y = 0.8051x + 0.8840. The residual prediction deviation (RPD) value of 6.33 
indicates excellent predictive performance, demonstrating that the model can accurately predict the b* 
colour parameter of the normal jackfruit flesh. 
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Similarly, for bronzed jackfruit flesh at Week 14, the Savitzky–Golay method with five LVs also provided 
the most effective pretreatment, as presented in Table 6 and Figure 16. The calibration model recorded an 
Rc² of 0.87 and RMSEc of 0.71, while the prediction model achieved an Rp² of 0.82 and RMSEp of 0.80. 
The regression equations were y = 0.8716x + 0.6165 (calibration) and y = 0.8600x + 0.5931 (prediction). 
The corresponding RPD value of 6.81 confirms high model robustness and reliability, supporting its use 
for accurate non-destructive prediction of b* colour in bronzed jackfruit flesh. 

Overall, the high RPD values obtained for both normal (RPD = 6.33) and bronzed (RPD = 6.81) jackfruit 
flesh at Week 14 indicate excellent model performance, as RPD values greater than 3.0 generally represent 
strong predictive accuracy suitable for quantitative analysis. These findings affirm the robust potential of 
Vis–NIR spectroscopy, in combination with suitable pretreatment strategies and PLSR modeling, for 
effectively evaluating jackfruit flesh colour (b*) across varying fruit conditions at advanced maturity stages. 

Table 6: Summary of principal results obtained in the PLS models effects of fruit condition and maturity stages 

(weeks after anthesis) on flesh colour b* of jackfruit cv. Tekam Yellow. 

H WAA Mean  SD Rc² RMSEc Rp² RMSEp Bias Slope Offset Cor RPD 

N 10 35.781cd 3.87 0.94 0.42 0.86 0.64 0.03 0.80 1.09 0.93 6.08 

             

B 10 30.939e 7.04 0.92 0.54 0.80 0.82 -0.09 0.92 0.26 0.90 8.58 

             

N 12 37.624ab 4.49 0.93 0.60 0.89 0.76 0.02 0.93 0.28 0.95 5.95 

             

B 12 35.213d 5.92 0.92 0.66 0.91 0.74 0.05 0.91 0.42 0.95 8.04 

             

N 14 38.87a 7.84 0.83 1.05 0.76 1.24 0.07 0.81 0.88 0.87 6.33 

             

B 14 37.178bc 5.43 0.87 0.71 0.82 0.80 -0.10 0.86 0.59 0.91 6.81 

H = Fruit condition, N = Normal, B = Bronzing, WAA = week after anthesis, SD = standard deviation, Cor = correlation, RPD = residual 

prediction deviation. 

 
Figure 15: Scatter plots of referenced versus predicted normal flesh colour b* in 14 WAA using reflectance 

spectral data with calibration model and prediction model. *• = Calibration Model, • = Prediction Model 
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Figure 16: Scatter plots of referenced versus predicted bronzing flesh colour b* in 14 WAA using reflectance 

spectral data with calibration model and prediction model. *• = Calibration Model, • = Prediction Model 

3.2.7 Predictive performance of PLSR models rind colour C* at 10 WAA 

The calibration and prediction results obtained using partial least squares regression (PLSR) within the 
500–950 nm spectral range reveal that the optimal spectral pretreatment for predicting the chroma (C*) 
value of normal jackfruit rind at Week 10 was the combination of Savitzky–Golay smoothing and standard 
normal variate (SNV) transformation, utilizing six latent variables (LVs). As presented in Table 7 and 
Figure 17, the calibration model achieved a coefficient of determination (Rc²) of 0.95 and a root mean 
square error of calibration (RMSEc) of 0.42, with the regression equation y = 0.9475x + 0.4025. The 
corresponding prediction model yielded an Rp² of 0.94 and RMSEp of 0.54, with the equation y = 0.8692x 

+ 0.9718. The residual prediction deviation (RPD) value of 12.14 indicates excellent predictive capability, 
confirming that the PLSR model effectively predicts rind chroma (C*) under normal fruit conditions at 
Week 10. 

For bronzed jackfruit rind, the same pretreatment combination (Savitzky–Golay and SNV with six LVs) 
also produced optimal results, as shown in Table 7 and Figure 18. The calibration model achieved an Rc² 
of 0.95 and RMSEc of 0.54, while the prediction model reached an Rp² of 0.92 and RMSEp of 0.60. The 
corresponding regression equations were y = 0.9511x + 0.3270 for calibration and y = 0.9256x + 0.4956 
for prediction. The RPD value of 9.92 further supports the model’s strong predictive performance, 
demonstrating its reliability for quantifying rind chroma in bronzed jackfruit. 

Overall, both normal and bronzed rind samples exhibited high R² values (≥ 0.92), low RMSEs, and RPD 
values exceeding 9.0, all of which are indicative of excellent model performance and predictive reliability. 
Since RPD values greater than 3.0 are generally considered suitable for quantitative prediction, the 
exceptionally high RPD values in this study confirm that the Vis–NIR spectral data, combined with 
appropriate pretreatment and PLSR modeling, can provide robust, non-destructive predictions of rind 
chroma (C*) at the early maturity stage (10 WAA). 

Table 7: Summary of principal results obtained in the PLS models effects of fruit condition and maturity stages 

(weeks after anthesis) on rind colour C* of jackfruit cv. Tekam Yellow. 
H WAA Mean  SD Rc² RMSEc Rp² RMSEp Bias Slope Offset Cor RPD 
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N 10 23.12a 5.94 0.95 0.42 0.94 0.54 0.00 0.87 0.97 0.97 12.14 

    
         

B 10 21.13b 6.50 0.95 0.54 0.92 0.60 0.00 0.93 0.50 0.96 9.92 

             

N 12 16.61c 6.02 0.96 0.58 0.87 0.97 0.08 0.88 0.61 0.93 5.72 

    
         

B 12 21.43b 5.55 0.95 0.54 0.95 0.60 -0.03 0.96 0.18 0.97 9.99 

             

N 14 23.44a 6.97 0.92 0.62 0.72 1.38 0.04 0.67 2.30 0.85 6.02 

    
         

B 14 20.26b 8.31 0.85 0.87 0.83 0.90 -0.08 0.89 0.24 0.92 7.74 

H = Fruit condition, N = Normal, B = Bronzing, WAA = week after anthesis, SD = standard deviation, Cor = correlation, RPD = residual 

prediction deviation. 

 
Figure 17: Scatter plots of referenced versus predicted normal rind colour C* in 10 WAA using reflectance 

spectral data with calibration model and prediction model. *• = Calibration Model, • = Prediction Model 
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Figure 18: Scatter plots of referenced versus predicted bronzing rind colour C* in 10 WAA using reflectance 

spectral data for calibration model and prediction model. *• = Calibration Model, • = Prediction Model 
 

3.2.8 Predictive performance of PLSR models flesh colour C* at 10 WAA 

The results from the calibration and prediction models based on Partial Least Squares (PLS) regression, 
focusing on the spectral range of 500 to 950 nm, indicate that the most effective pretreatment technique for 
predicting the chroma (C*) value of the outer flesh of regular jackfruit at Week 10 was the combination of 
Savitzky-Golay smoothing and Standard Normal Variate (SNV), utilizing seven latent variables (LVs). As 
shown in Table 8 and Figure 19, the calibration model achieved a coefficient of determination (Rc²) of 0.97 
and a root mean square error of calibration (RMSEc) of 0.40, with the corresponding equation y = 0.9706x 

+ 0.2126. The prediction model exhibited strong performance as well, with an Rp² of 0.93 and an RMSEp 
of 0.60, and the model equation y = 0.9352x + 0.5665. 

For the bronzed jackfruit flesh at Week 10, the same pretreatment approach—Savitzky-Golay and SNV 
with seven LVs—was also identified as optimal. As presented in Table 8 and Figure 20, the calibration 
model achieved an Rc² of 0.90 and an RMSEc of 0.72, with the equation y = 0.9036x + 0.6125. The 
prediction model resulted in an Rp² of 0.82 and an RMSEp of 1.00, with the equation y = 0.8426x + 0.8407. 

The Residual Prediction Deviation (RPD) values provide additional insight into model robustness. The 
RPD values of 6.20 for normal and 7.05 for bronzed jackfruit flesh indicate excellent predictive ability, as 
RPD values greater than 3.0 are generally considered to reflect models suitable for analytical applications, 
while values above 5.0 denote highly reliable quantitative prediction models. These high RPD values, 
coupled with strong Rc² and Rp² values (>0.90) and low RMSEp, demonstrate that the PLSR models 
achieved high precision and strong generalisation capability in predicting the chroma (C*) of jackfruit flesh 
at 10 WAA. 

Overall, these findings underscore the potential of Vis-NIR spectroscopy, when combined with appropriate 
spectral pretreatments and PLS modeling, to accurately and non-destructively predict the chroma (C*) of 
jackfruit flesh at different colour stages. 

Table 8: Summary of principal results obtained in the PLS models effects of fruit condition and maturity stages 

(weeks after anthesis) on flesh colour C* of jackfruit cv. Tekam Yellow. 

H WAA Mean  SD Rc² RMSEc Rp² RMSEp Bias Slope Offset Cor RPD 

N 10 35.337c 3.73 0.97 0.40 0.93 0.60 0.07 0.94 0.57 0.96 6.20 

             

B 10 31.850d 7.02 0.90 0.72 0.82 1.00 -0.14 0.84 0.84 0.91 7.05 

             

N 12 37.669ab 4.55 0.95 0.62 0.93 0.75 0.05 0.95 0.34 0.96 6.09 

             

B 12 35.133c 5.07 0.94 0.76 0.93 0.86 -0.03 0.96 0.21 0.96 5.88 

             

N 14 39.126a 7.93 0.92 1.03 0.85 1.34 0.20 0.93 0.64 0.92 5.91 

             

B 14 37.306b 5.51 0.90 0.90 0.89 0.93 -0.16 0.91 0.49 0.94 5.95 

H = Fruit condition, N = Normal, B = Bronzing, WAA = week after anthesis, SD = standard deviation, Cor = correlation, RPD = residual 

prediction deviation. 
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Figure 19: Scatter plots of referenced versus predicted normal flesh colour C* in Week 10 using reflectance 

spectral data with calibration model and prediction model. *• = Calibration Model, • = Prediction Model 
 

 
Figure 20: Scatter plots of referenced versus predicted bronzing flesh colour C* in Week 10 using reflectance 

spectral data with calibration model and prediction model. *• = Calibration Model, • = Prediction Model 

 
3.2.9 Predictive performance of PLSR models rind colour ∆E at 12 WAA 

The outcomes of the calibration and prediction models based on Partial Least Squares (PLS) regression 
within the spectral range of 500 to 950 nm reveal that the most effective pretreatment for predicting the 
colour difference (∆E) of normal jackfruit rind at Week 12 was Standard Normal Variate (SNV) with seven 
latent variables (LVs). As presented in Table 9 and Figure 21, the calibration model yielded a coefficient 
of determination (Rc²) of 0.92 and a root mean square error of calibration (RMSEc) of 1.12, with the 
regression equation y = 0.9200x + 0.7181. The corresponding prediction model produced an Rp² of 0.82 
and an RMSEp of 1.60, with the equation y = 0.8751x + 1.2147. 

For the bronzed appearance of the jackfruit rind at Week 12, the optimal pretreatment was a combination 
of SNV and Multiplicative Scatter Correction (MSC) with five LVs. As shown in Table 9 and Figure 22, 
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the calibration model achieved an Rc² of 0.96 and an RMSEc of 0.69, with the model equation y = 0.9612x 

+ 0.3957. The prediction model demonstrated high predictive accuracy, with an Rp² of 0.93 and an RMSEp 
of 0.88, and the corresponding equation y = 0.9935x + 0.0082. 

The Residual Prediction Deviation (RPD) values further confirm the robustness of these models. The RPD 
value of 3.90 obtained for normal jackfruit rind indicates a good predictive model, suitable for screening or 
semi-quantitative applications. In contrast, the higher RPD value of 4.69 for bronzed rind reflects a strong 
quantitative predictive performance, as RPD values between 3.0 and 5.0 denote models with good to 
excellent prediction capability, while values above 5.0 indicate outstanding predictive reliability. These 
RPD results, coupled with high Rc² and Rp² values (≥0.90) and low prediction errors, highlight that the 
models effectively captured spectral variations associated with colour changes (∆E) in the jackfruit rind at 
Week 12. 

Collectively, these findings demonstrate that Vis-NIR spectroscopy, when combined with optimal 
pretreatments and PLSR modeling, provides a reliable non-destructive approach for monitoring rind colour 
evolution (∆E) across different fruit conditions during the ripening process. 

Table 9: Summary of principal results obtained in the PLS models effects of fruit condition and maturity stages 

(weeks after anthesis) on rind colour ∆E of jackfruit cv. Tekam Yellow. 
H WAA Mean  SD Rc² RMSEc Rp² RMSEp Bias Slope Offset Cor RPD 

N 10 54.68bcd 6.57 0.97 0.45 0.91 0.87 -0.16 1.04 -0.63 0.96 7.42 

    
         

B 10 53.84d 6.46 0.88 1.31 0.82 1.25 0.06 0.92 0.94 0.91 5.26 

             

N 12 54.51cd 4.12 0.92 1.12 0.82 1.60 0.11 0.88 1.21 0.91 3.90 

    
         

B 12 55.93bc 6.23 0.96 0.69 0.93 0.88 -0.06 0.99 0.01 0.97 4.69 

             

N 14 59.42a 7.90 0.95 0.74 0.91 1.12 0.14 0.89 1.43 0.96 5.77 

    
         

B 14 56.28b 6.47 0.94 0.94 0.89 1.28 0.12 0.89 1.33 0.94 6.16 

H = Fruit condition, N = Normal, B = Bronzing, WAA = week after anthesis, SD = standard deviation, Cor = correlation, RPD = residual 

prediction deviation. 
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Figure 21: Scatter plots of referenced versus predicted normal rind colour ∆E in Week 12 using reflectance 

spectral data with calibration model and prediction model. *• = Calibration Model, • = Prediction Model 

 

 
*• = Calibration Model, • = Prediction Model 
Figure 22: Scatter plots of referenced versus predicted bronzing rind colour ∆E in Week 12 using reflectance 

spectral data with calibration model and prediction model. 

 
3.2.10 Predictive performance of PLSR models flesh colour ∆E at 12 WAA 

The outcomes from the calibration and prediction models based on the Partial Least Squares (PLS) 
regression approach within the visible–near infrared (Vis–NIR) spectral range (500–950 nm) indicate that 
the combination of Savitzky–Golay filtering and Standard Normal Variate (SNV) with five latent variables 
(LVs) was the most effective pretreatment for predicting the colour difference (∆E) of normal jackfruit 
flesh at Week 12. As shown in Table 10 and Figure 23, the calibration model achieved a high coefficient 
of determination (Rc²) of 0.98 and a low root mean square error of calibration (RMSEc) of 0.56, with the 
regression equation y = 0.9819x + 0.1720. The corresponding prediction model also demonstrated strong 
performance, with an Rp² of 0.98 and RMSEp of 0.59, and the regression equation y = 0.9791x + 0.2010. 
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For the bronzed flesh colour at Week 12, the optimal pretreatment was similarly achieved using Savitzky–
Golay and SNV with four LVs. As illustrated in Table 10 and Figure 24, the calibration model yielded an 
Rc² of 0.98 and an RMSEc of 0.65, with the regression equation y = 0.9758x + 0.2615. The prediction 
model maintained high predictive accuracy, achieving an Rp² of 0.96 and an RMSEp of 0.80, with the 
corresponding equation y = 0.9924x + 0.0204. 

The Residual Prediction Deviation (RPD) values substantiate the robustness of these PLSR models. The 
normal flesh model produced an RPD of 21.39, while the bronzed flesh model achieved an RPD of 16.04—
both well above the threshold of 5.0, which indicates excellent quantitative predictive ability. Such high 
RPD values, coupled with Rc² and Rp² values exceeding 0.95 and minimal prediction errors, reflect 
exceptional model stability and reliability for predicting the flesh colour difference (∆E) of jackfruit across 
varying physiological conditions. 

Overall, these findings underscore that Vis–NIR spectroscopy, combined with appropriate spectral 
pretreatments and PLS regression, provides a powerful and non-destructive tool for accurately quantifying 
flesh colour variation (∆E) in jackfruit cv. Tekam Yellow during the 12th week after anthesis. 

Table 10: Summary of principal results obtained in the PLS models effects of fruit condition and maturity 

stages (weeks after anthesis) on flesh colour ∆E of jackfruit cv. Tekam Yellow. 
H WAA Mean  SD Rc² RMSEc Rp² RMSEp Bias Slope Offset Cor RPD 

N 10 26.336bc 11.88 0.99 0.37 0.97 0.45 0.06 0.98 0.32 0.99 26.41 

             

B 10 21.673d 12.26 0.92 0.69 0.90 0.93 -0.15 0.83 1.81 0.95 13.11 

             

N 12 24.495cd 12.57 0.98 0.56 0.98 0.59 0.01 0.98 0.20 0.99 21.39 

             

B 12 28.727b 12.81 0.98 0.65 0.96 0.80 -0.06 0.99 0.02 0.98 16.04 

             

N 14 34.378a 11.65 0.97 0.85 0.95 1.06 0.12 1.02 -0.07 0.98 10.95 

             

B 14 26.809bc 12.81 0.96 0.71 0.95 0.76 -0.09 0.95 0.49 0.97 16.96 

H = Fruit condition, N = Normal, B = Bronzing, WAA = week after anthesis, SD = standard deviation, Cor = correlation, RPD = residual 

prediction deviation. 
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Figure 23: Scatter plots of referenced versus predicted normal flesh colour ∆E in Week 12 using reflectance 

spectral data with calibration model and prediction model. *• = Calibration Model, • = Prediction Model 
 

 
*• = Calibration Model, • = Prediction Model 
Figure 24: Scatter plots of referenced versus predicted bronzing flesh colour ∆E in Week 12 using reflectance 

spectral data with calibration model and prediction model. 

 
3.2.11 Predictive performance of PLSR models rind colour h° at 14 WAA 

The outcomes of the calibration and prediction models based on Partial Least Squares (PLS) regression 
within the spectral range of 500–950 nm reveal that the combination of Standard Normal Variate (SNV) 
and Multiplicative Scatter Correction (MSC) with seven latent variables (LVs) was the most effective 
pretreatment for predicting the hue angle (h°) of normal jackfruit rind at Week 14. As presented in Table 
11 and Figure 25, the calibration model achieved a high coefficient of determination (Rc²) of 0.96 and a 
low root mean square error of calibration (RMSEc) of 0.69, with the regression equation y = 0.9645x + 

0.7072. The corresponding prediction model yielded an Rp² of 0.90 and an RMSEp of 1.36, described by 
the equation y = 0.9439x + 1.1162. 

For the bronzed jackfruit rind at Week 14, the optimal pretreatment method was identified as a combination 
of Savitzky–Golay smoothing and SNV. As shown in Table 11 and Figure 26, the calibration model 
achieved an Rc² of 0.94 and an RMSEc of 1.09, with the regression equation y = 0.9367x + 0.8084. The 
corresponding prediction model recorded an Rp² of 0.90 and an RMSEp of 1.37, with the regression 
equation y = 0.9235x + 0.9579. 

The Residual Prediction Deviation (RPD) values further support the reliability of the models. The RPD 
value for the normal rind (RPD = 14.78) indicates excellent quantitative predictive capability, far exceeding 
the threshold of 3.0 typically regarded as suitable for robust predictive use. In contrast, the bronzed rind 
model (RPD = 3.97) also demonstrates good predictive ability, though with comparatively higher spectral 
and compositional variability attributed to disorder-induced optical inconsistencies. 

These findings affirm that Vis–NIR spectroscopy, when coupled with effective spectral pretreatments such 
as SNV, MSC, and Savitzky–Golay smoothing, can provide highly accurate, non-destructive estimation of 
hue angle (h°) in jackfruit rind. The high Rc², Rp², and RPD values collectively validate the PLSR model’s 
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stability and potential as a predictive tool for assessing rind colour evolution and physiological disorder 
effects during the 14th week after anthesis. 

Table 11: Summary of principal results obtained in the PLS models effects of fruit condition and maturity 

stages (weeks after anthesis) on rind colour h° of jackfruit cv. Tekam Yellow. 
H WAA Mean  SD Rc² RMSEc Rp² RMSEp Bias Slope Offset Cor RPD 

N 10 98.11ab 5.15 0.90 0.96 0.95 0.88 -0.01 0.92 1.83 0.98 11.80 

    
         

B 10 96.62b 10.36 0.95 0.94 0.86 1.33 -0.20 0.92 1.00 0.93 3.86 

    
         

N 14 96.73ab 5.44 0.96 0.69 0.90 1.36 0.02 0.94 1.12 0.95 14.78 

             

B 14 88.92c 20.09 0.94 1.09 0.90 1.37 -0.02 0.92 0.96 0.95 3.97 

H = Fruit condition, N = Normal, B = Bronzing, WAA = week after anthesis, SD = standard deviation, Cor = correlation, RPD = residual 

prediction deviation. 

 

 
Figure 25: Scatter plots of referenced versus predicted normal rind colour h° in Week 14 using reflectance 

spectral data with calibration model and prediction model. *• = Calibration Model, • = Prediction Model 

 



27 

 

 
Figure 26: Scatter plots of referenced versus predicted bronzing rind colour h° in Week 14 using reflectance 

spectral data with calibration model and prediction model. *• = Calibration Model, • = Prediction Model 
 

3.2.12 Predictive performance of PLSR models flesh colour h° at 14 WAA 

The results from the calibration and prediction models using Partial Least Squares (PLS) regression within 
the visible spectral range of 500 to 950 nm indicate that the most effective pretreatment method for 
predicting the hue angle (h°) of normal jackfruit flesh at Week 14 was the combination of Savitzky–Golay 
smoothing and Standard Normal Variate (SNV), utilizing seven latent variables (LVs). As shown in Table 
12 and Figure 27, the calibration model achieved a coefficient of determination (Rc²) of 0.95 and a root 
mean square error of calibration (RMSEc) of 0.92, with the corresponding model equation y = 0.9456x + 
0.4285. The prediction model also exhibited high performance, with an Rp² of 0.94 and an RMSEp of 0.96, 
and the equation y = 1.0155x + 0.0044. 

Similarly, for the bronzed jackfruit flesh at Week 14, the same pretreatment approach—Savitzky–Golay 
and SNV with seven LVs—was found to be optimal. As presented in Table 12 and Figure 28, the calibration 
model yielded an Rc² of 0.94 and an RMSEc of 0.65, with the model equation y = 0.9404x + 0.4726. The 
prediction model achieved an Rp² of 0.93 and an RMSEp of 0.73, with the equation y = 0.9213x + 0.5981. 

The RPD (Residual Prediction Deviation) values further support the robustness of these models, with RPD 
= 3.90 for normal flesh and RPD = 4.83 for bronzed flesh. Generally, RPD values between 2.5 and 3.0 
indicate models suitable for rough screening, while values above 3.0 signify good quantitative predictive 
capability. Therefore, both models demonstrated excellent predictive accuracy, with the bronzed flesh 
model performing slightly better in terms of precision and stability. These findings highlight the potential 
of Vis–NIR spectroscopy, when paired with appropriate pretreatment techniques and PLS regression, as a 
reliable and accurate method for predicting the hue angle (h°) of jackfruit flesh colour at Week 14. 

Table 12: Summary of principal results obtained in the PLS models effects of fruit condition and maturity 

stages (weeks after anthesis) on flesh colour h° of jackfruit cv. Tekam Yellow. 

H WAA Mean  SD Rc² RMSEc Rp² RMSEp Bias Slope Offset Cor RPD 

N 14 83.69b 3.74 0.95 0.92 0.94 0.96 0.12 1.02 0.00 0.97 3.90 

             

B 14 86.02a 3.54 0.94 0.65 0.93 0.73 -0.04 0.92 0.60 0.96 4.83 
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H = Fruit condition, N = Normal, B = Bronzing, WAA = week after anthesis, SD = standard deviation, Cor = correlation, RPD = residual 

prediction deviation. 

 
Figure 27: Scatter plots of referenced versus predicted normal flesh colour h° in Week 14 using reflectance 

spectral data with calibration model and prediction model. *• = Calibration Model, • = Prediction Model 
 

 
Figure 28: Scatter plots of referenced versus predicted bronzing flesh colour h° in Week 14 using reflectance 

spectral data with calibration model and prediction model. *• = Calibration Model, • = Prediction Model 
 
3.3 Interpretation and Implication of PLS predictive performance for jackfruit colour attributes 

The Partial Least Squares Regression (PLSR) models established using visible–near infrared (Vis–NIR) 
spectral data demonstrated strong predictive capabilities for colour attributes (L*, a*, b*, C*, and h°) of 
jackfruit rind and flesh across different maturity stages and fruit conditions (normal and bronzing). The 
consistent performance trends observed in Tables 1 to 12 and Figures 5 to 28 confirm that the reflectance 
spectra within 500–950 nm effectively captured chromatic variations associated with pigment accumulation, 
degradation, and structural tissue differences throughout fruit maturation and bronzing development. 

3.3.1 Predictive Performance Across Colour Parameters 
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Across all colour indices, the PLSR calibration and prediction models exhibited strong linearity and 
precision, with coefficients of determination (Rc² and Rp²) typically ranging from 0.90 to 0.97 and relatively 
low root mean square errors (RMSEc and RMSEp) below 1.5. Correspondingly, residual predictive 
deviation (RPD) values exceeded 3.0 for most parameters, indicating high model robustness according to 
the classification proposed by [66], where RPD > 3.0 denotes good quantitative prediction and RPD > 5.0 
signifies excellent predictive power. 

For rind colour, the prediction models for L* and b* showed higher accuracy, particularly for normal fruit 
samples. These attributes correspond to lightness and yellowness, respectively—key indicators of surface 
pigmentation resulting from carotenoid accumulation during maturation. The elevated Rc² values for L* 
(0.90–0.96) and b* (0.92–0.95) suggest that Vis–NIR reflectance is sensitive to brightness and yellow hue 
transitions linked to maturity progression. Conversely, the prediction of a* and h° was slightly less precise 
in bronzed rind, likely due to irregular oxidative browning and phenolic polymerisation associated with 
bronzing, which increase spectral scattering and nonlinearity [51]. 

For flesh colour, PLSR models exhibited even stronger predictive performance, with Rc² and Rp² often 
exceeding 0.94 and RPD values ranging between 3.9 and 4.8 (Table 12; Figures 27–28). Among the colour 
parameters, hue angle (h°) and chroma (C*) were particularly well predicted when using the Savitzky–
Golay smoothing combined with Standard Normal Variate (SNV) preprocessing and seven latent variables. 
This combination effectively minimised baseline drift and scattering caused by variable light penetration 
through the translucent flesh matrix. Similar outcomes were reported by [12], [15] and [18], who 
demonstrated that derivative smoothing and SNV correction enhance model robustness for colour 
estimation in mango and durian flesh. The high RPD (>4.0) values for h° prediction at 14 WAA demonstrate 
that the Vis–NIR spectra captured fine pigment transitions linked to the yellow–orange hue shift during 
ripening—a key sensory and commercial quality trait in jackfruit. 

3.3.2 Comparative Analysis Between Normal and Bronzing Fruits 

Comparative assessment between fruit conditions revealed that normal samples consistently yielded higher 
Rc², Rp², and RPD values than bronzed samples for both rind and flesh. This performance gap is attributed 
to the internal degradation and pigment oxidation occurring in bronzing, which alter the optical scattering 
pathways and weaken the correlation between spectral response and true colour attributes [8] (Aman et al., 
2025). Nevertheless, the bronzed flesh models remained reliable (RPD = 3.5–4.8), confirming that Vis–
NIR spectroscopy is sensitive enough to detect subtle chromatic degradation even under physiological stress 
conditions. 

Spectral examination also revealed that bronzed rind exhibited greater noise within the 500–600 nm 
range—corresponding to chlorophyll and flavonoid absorption regions. This spectral distortion may be 
linked to the breakdown of photosynthetic pigments and the accumulation of brown phenolic derivatives, 
similar to phenomena observed in banana peel browning [36] and mango anthracnose infection [54]. These 
biochemical and structural disturbances contribute to reduced predictive accuracy for a* and h° in bronzed 
rind, as compared to the more homogeneous flesh tissue. 

3.3.3 Implications for Quality Monitoring and Postharvest Handling 

The strong prediction performance for L*, b*, and h° parameters highlights the potential of Vis–NIR 
spectroscopy as a non-destructive grading tool for jackfruit colour evaluation and maturity classification. 
Since these attributes are closely related to pigment biosynthesis and visual appeal, their accurate prediction 
allows rapid identification of optimal harvest maturity and early detection of bronzing onset prior to visual 
manifestation. The application of relatively simple preprocessing (Savitzky–Golay + SNV) ensures the 
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models remain stable across fruit batches, reducing calibration drift and enabling real-time deployment in 
industrial sorting lines. 

These results are consistent with findings in other tropical fruits such as durian [16] and pineapple [26], 
where Vis–NIR models achieved comparable reliability for colour and quality prediction. The consistency 
between calibration and prediction equations across rind and flesh tissues further suggests the feasibility of 
developing integrated calibration models, applicable to mixed tissue reflectance in whole-fruit evaluation 
systems. This approach could streamline industrial inspection processes and improve overall postharvest 
management efficiency. 

3.3.4 Broader Scientific and Practical Significance 

The present study reinforces that visible-range spectral information (500–950 nm) alone is adequate for 
modelling pigment-based quality traits in large, heterogeneous tropical fruits such as jackfruit. This 
observation supports earlier work by [48] and [56], who demonstrated that visible bands are sufficient for 
pigment and structural assessments when near-infrared moisture interference is limited. The high prediction 
performance for hue and chroma indicates that spectral features in this region effectively represent the 
biochemical basis of colour—primarily carotenoid, chlorophyll, and phenolic transitions—without the need 
for extended NIR wavelengths. 

From a scientific standpoint, these findings validate the relationship between spectral reflectance and tissue 
microstructure, where pigment concentration and chromatic stability govern the spectral response. The 
capacity to model both normal and bronzed tissues using consistent latent variables also highlights the 
adaptability of PLSR modelling in handling biological variability. The successful prediction of h° and C* 
across tissues demonstrates that Vis–NIR spectroscopy not only quantifies external appearance but also 
provides insight into internal pigment dynamics relevant to physiological disorders and ripening behaviour. 

4. Discussion 

The absorption feature near 680 nm in the rind spectra likely corresponds to chlorophyll, which contributes 
to the green hue in immature jackfruit, consistent with [17]. A pronounced band at ~940 nm, observed in 
both rind and flesh, indicates water absorption, corroborating earlier findings in apple fruit [45]. The 550 
nm peak in the flesh spectra is attributed to carotenoids, while the gradual slope toward 940 nm may reflect 
anthocyanin absorption [35, 53 & 65], confirming the role of pigment composition in spectral variability. 

PLSR models developed from rind and flesh spectra across 10–14 WAA maturity stages accurately 
predicted internal attributes. Among twelve preprocessing combinations, Savitzky–Golay with SNV and 
2nd Derivative with MSC achieved superior calibration performance by minimizing baseline drift and light 
scattering. Optimal models used seven latent variables, balancing accuracy and complexity. 

Rind colour parameters (L*, a*, b*, C*, h°, ΔE) varied significantly with maturity and bronzing. Immature 
fruit (10 WAA) showed high L* and low a* values, transitioning to yellowish hues by 14 WAA. Bronzed 
samples exhibited lower L* and higher a*, reflecting oxidation-induced pigment degradation. These 
spectral–chromatic relationships align with citrus and apple studies linking colour shifts to internal disorder 
[11 &13]. 

For flesh, SG+SNV and 2nd Derivative+MSC preprocessing yielded the most accurate models, particularly 
at 12–14 WAA. Healthy tissues displayed bright yellow pigmentation (high L*, b*, C*), whereas bronzed 
flesh showed reduced brightness and higher ΔE, consistent with carotenoid loss and enzymatic browning 
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[41 & 61]. The second derivative enhanced pigment-related absorption resolution, while MSC corrected 
scattering from structural degradation. 

Overall, Vis–NIR spectroscopy effectively captured maturity- and disease-related chromatic transitions. 
Mean L* declined from 77.4 (10 WAA healthy) to 64.4 (14 WAA bronzed), while h° shifted from 95° to 
70°, indicating pigment breakdown and browning onset. ΔE values exceeding 6.0 confirmed perceptible 
visual deviations, enabling reliable non-destructive discrimination of bronzed fruit. Reduced L* and h° 
reflect oxidative degradation of chlorophylls and carotenoids [14 & 38], consistent with reddish-brown 
discoloration reported by [69]. 

PLSR calibration yielded R² values of 0.87–0.92 and RPD >2.5, demonstrating robust predictive 
performance comparable to that reported for apple and mango [52]. These findings confirm the capability 
of Vis–NIR spectroscopy to non-destructively detect pigment degradation, maturity progression, and 
bronzing symptoms in Artocarpus heterophyllus cv. Tekam Yellow. 

5. Conclusions 

This study demonstrated the feasibility of visible–near infrared (Vis-NIR) spectroscopy coupled with partial 
least squares regression (PLSR) for non-destructive prediction of key physicochemical and biochemical 
attributes in jackfruit (Artocarpus heterophyllus Lam. cv. Tekam Yellow). Strong predictive performance 
was achieved for colour metrics, particularly in flesh tissues, where R2>0.85 and RPD ≥ 2.0 indicated robust 
model reliability. Effective preprocessing—especially Savitzky–Golay smoothing with SNV or MSC, and 
second-derivative transformations—significantly improved calibration accuracy by minimizing scatter and 
enhancing chemical signal fidelity. 

Bronzing disorder introduced spectral variability and reduced model stability, particularly for colour 
metrics, underscoring the need to account for physiological conditions during calibration. Diseased fruits 
exhibited diminished colour metrics, consistent with tissue degradation and metabolic impairment. Tissue 
type and maturity stage (10–14 WAA) further influenced prediction accuracy, with the flesh showing 
superior spectral responsiveness compared with rind and seed due to higher water content and optical 
homogeneity. 

Overall, Vis-NIR spectroscopy proved a reliable and scalable approach for rapid, non-invasive assessment 
of internal and external jackfruit quality, supporting sustainable postharvest grading and processing. Future 
research should expand calibration datasets to include seasonal and regional variability, integrate hybrid 
models (e.g., SVM, ANN), and employ adaptive or condition-stratified calibration to enhance prediction 
robustness under field conditions. 

To improve pH and titratable acidity prediction, stratified PLS modeling by fruit condition (healthy vs. 
bronzed) and maturity stage is recommended, or alternatively, inclusion of categorical covariates for disease 
status. Calibration sets should encompass broad chemical and pathological variability, while preprocessing 
optimization and variable selection (VIP, selectivity ratio) should target late-maturity and bronzed samples. 
Routine model updating is essential to maintain performance across seasons and orchards. 

The present work is limited by cultivar and maturity range (10–14 WAA), restricting model extrapolation. 
Some bronzing-affected subsets yielded Rp² and RPD values below robust thresholds, warranting cautious 
application. Broader sampling and continuous maturity tracking are needed to refine spectral–biochemical 
relationships and enable hierarchical or functional PLS modeling for real-time implementation in jackfruit 
quality monitoring systems. 
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In conclusion, the PLSR models developed in this study exhibited excellent predictive capability for the 
colour parameters of both rind and flesh, regardless of fruit condition. The superior model performance for 
flesh colour, particularly for h° and C*, underscores the method’s sensitivity to pigment transformation 
associated with maturity progression and bronzing incidence. These results affirm that Vis–NIR 
spectroscopy, combined with appropriate preprocessing techniques, provides a rapid, reliable, and non-
destructive alternative for monitoring jackfruit colour quality—supporting its application in maturity 
classification, quality control, and early disorder detection. 
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