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 Ensuring accurate, non-destructive maturity classification of avocados is 

critical to supply chain optimization in agro-industrial systems. This study 

presents a predictive framework that integrates near-infrared (NIR) 

spectroscopy with ensemble stacking machine learning (ML) to enhance the 

precision of avocado ripeness assessment. The proposed methodology 

compares global versus variety-specific models for 'Hass' and 'Fuerte' 

avocado types, leveraging spectral data (900–1,700 nm) and multiple base 

classifiers, including random forest (RF), gradient boosting (GB), support 

vector machines (SVMs), decision trees (DT), k-nearest neighbors (KNN), 

and categorical boosting (CatBoost), combined via linear regression as a 

meta-learner. Experimental results revealed that the stacking models 

outperformed individual learners, with variety-specific GB model achieving 

the highest performance (Matthews correlation coefficient (MCC) =0.679, 

area under the curve (AUC) =0.931). These findings highlight the critical 

importance of varietal specificity in model calibration and demonstrate how 

ensemble strategies can improve robustness, scalability, and interpretability in 

intelligent agricultural systems. The proposed model provides a 

computationally efficient solution for real-time quality control and supports 

the deployment of AI-powered systems within agricultural supply chains in 

developing regions. 
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1. INTRODUCTION 

In recent years, the avocado industry has consolidated its position as one of the most economically 

valuable and strategically relevant sectors within Peruvian agriculture [1], [2]. Peru currently ranks among 

the world’s leading avocado exporters, consistently occupying a position within the top three global 

producers, driven by sustained international demand and the increasing preference for high-quality fruit in 

global markets [3], [4]. This context highlights the urgent need for efficient, reliable, and scalable methods 

capable of assessing internal quality attributes that determine commercial maturity, shelf life, and postharvest 

performance [5]. 

Conventional maturity assessment techniques, including firmness testing and dry matter 

determination (coefficients of determination or R2), are widely used but present significant limitations. These 

methods are destructive, labor-intensive, time-consuming, and unsuitable for large-scale or real-time 

industrial applications [6]–[8]. As a response to these constraints, near-infrared (NIR) spectroscopy has 

emerged as a promising non-destructive alternative, enabling rapid estimation of internal quality parameters 

such as dry matter, sugar content, and lipid concentration without damaging the fruit [9], [10]. Owing to its 
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rapid acquisition, portability, and reagent-free operation, NIR spectroscopy has been successfully deployed in 

both laboratory environments and commercial packing lines, positioning it as a practical tool for quality 

control in the agri-food industry [11]–[13]. 

Extensive research has demonstrated the applicability of NIR spectroscopy across a wide range of 

fruits, including mango, apple, kiwi, grape, and banana [14]–[17]. Traditionally, regression-based techniques 

such as partial least squares (PLS) and its variants, including di-PLS, have been employed to model fruit 

maturity. However, their predictive performance is often influenced by contextual factors such as 

environmental conditions, seasonal variability, and cultivar-specific characteristics [18], [19]. In the specific 

case of avocado, previous studies using NIR spectroscopy have reported promising predictive capabilities for 

maturity-related parameters, particularly dry matter, firmness, and lipid content, with R2 commonly ranging 

between 0.70 and 0.80 [20]–[27]. Although some works have achieved higher accuracy levels (R2 ≈0.98) 

through optimized calibration and cross-validation strategies [28], these findings also emphasize the 

sensitivity of NIR-based models to measurement conditions, sampling protocols, and seasonal effects [29]. 

More recently, advances in machine learning (ML) have contributed to further improvements in 

predictive performance. Algorithms such as convolutional neural networks (CNNs) and support vector 

machines (SVMs) have demonstrated enhanced feature extraction and classification capabilities in Hass 

avocado datasets [30]. Despite these advances, most existing studies focus on single-variety datasets or 

develop generalized models without explicitly addressing the trade-off between global models trained 

across multiple varieties and variety-specific models. This gap is particularly relevant in real-world 

production systems, where heterogeneous cultivars coexist and require robust yet adaptable predictive 

solutions [20], [21]. 

Within this framework, and with the objective of promoting the adoption of non-destructive 

technologies in the Peruvian agro-export sector, this study proposes an approach based on NIR reflectance 

spectroscopy combined with supervised ML algorithms. The main objective is to develop a non-invasive 

system for avocado maturity prediction and to systematically evaluate performance differences between 

global models and variety-specific models. By doing so, the study aims to optimize maturity classification 

and postharvest management processes, ultimately contributing to improved operational efficiency and 

competitiveness in international markets. 

The novelty of this research lies in the application of ensemble stacking as a maturity classification 

strategy, an approach that remains underexplored in NIR-based avocado assessment. Unlike individual 

predictive models, stacking integrates the complementary strengths of multiple supervised learning 

algorithms through a meta-learning framework, resulting in improved predictive accuracy and greater model 

stability. This methodological contribution not only enhances the robustness of the proposed system but also 

facilitates its integration into digital agribusiness platforms, including IoT-based field monitoring systems, 

digital traceability solutions in supply chains, and Agriculture 4.0 applications. Furthermore, the comparative 

analysis between global and variety-specific models provides practical guidelines for large-scale 

implementation in commercial classification systems. Finally, this study contributes to the technological 

advancement of developing countries by proposing computationally efficient, scalable, and industry-oriented 

solutions that support export competitiveness and foster innovation in the agricultural sector. 

 

 

2. METHOD 

The methodology of this study was structured following the phases of the cross-industry standard 

process for data mining (CRISP-DM) framework [31]. The adoption of this framework, a widely 

recommended practice for ensuring robustness in ML projects, was adapted here to address a chemometric 

classification problem. Adhering to a systematic workflow aligns with best practices in spectral data analysis, 

where a rigorous process is required from data preparation to final model validation [32], [33]. As detailed in 

Figure 1, the process begins with reflectance capture (900–1,700 nm) of 70 samples of the Hass and Fuerte 

varieties. In an initial phase, the data undergo a first preparation pipeline (Savitzky-Golay (SG) and standard 

normal variate (SNV)).  

Subsequently, a principal component analysis-based outlier detection filter (PCA-OD) with a 90% 

confidence level and five principal components is applied individually. In this step, scans identified as 

outliers are discarded, and the remaining spectra are then averaged for each measurement point. 

Subsequently, a second chemometric pipeline is applied globally to all spectra, integrating SNV  

and minimum noise fraction (MNF) transformations, a second SG-derivative (SG-D2) with a spectral 

clipping to 1,070–1,627 nm, and Gram-Schmidt (GS) to enhance critical chemical patterns. The system's 

success lies in correlating these data with the reference variable of dry matter (%DM), obtained by  

thermal drying at 70 °C for 24 hours, allowing maturity to be categorized into three thresholds: <24.5%, 

24.5–26.5%, and ≥26.5%. Finally, the data feeds the ML modeling block, where classifiers such as 

adaptive boosting (AdaBoost), random forest (RF), gradient boosting (GB), SVM, and k-nearest neighbors 
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(KNN) are deployed, optimized through a 20-fold cross-validation. Robustness is verified using receiver 

operating characteristic (ROC) curves and confusion matrices, and performance is evaluated with metrics 

such as area under the curve (AUC), classification accuracy, F1-score, accuracy, recall, and Matthews 

correlation coefficient (MCC). 

 

 

 
 

Figure 1. Methodological workflow for the non-destructive classification of avocado maturity using NIR 

spectroscopy and ML 

 

 

2.1.  Sample collection and selection 

This study was conducted using Hass and Fuerte avocado samples collected from a certified 

commercial farm located in the Sayan–Huara area, representative of Peru’s export-oriented avocado 

production. Fruits were intentionally selected at different maturity stages, preliminarily determined through 

visual inspection (peel color), tactile firmness, and postharvest condition. This intentional stratification 

ensured adequate variability and representativeness of the dataset for both spectral analysis and classification 

modeling. The distribution of samples by variety and origin is summarized in Table 1. 

 

 

Table 1. Description of samples used 
Variety Region Zone Quantity 

Hass File Sayan 70 
Strong File Sayan 70 

 

 

2.2.  Spectral acquisition system 

Spectral data were acquired using an AvaSpec-NIR-1.7 spectrometer operated through AvaSoft 8.16 

software. The system covered a wavelength range of 900–1,700 nm, with an integration time of 5 ms and an 

average of 80 scans per measurement and an avocado distance of 3–5 mm, providing sufficient spectral 

resolution to capture the main absorption bands associated with water, lipids, carbohydrates and dry matter in 

avocado pulp [29], [34]. All measurements were recorded in absorbance mode.  

To ensure measurement consistency and minimize variability, a fiber-optic probe equipped with an 

integrated halogen light source was positioned perpendicularly to the fruit surface using a mechanical holder 

that maintained a fixed acquisition distance. Prior to spectral acquisition, the system was calibrated using a 

white reference standard (Teflon) and a dark reference to correct for environmental and instrumental 

interferences. The experimental setup and instrumentation are illustrated in Figure 2. 
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Figure 2. AvaSpec-NIR-1.7 NIR device 

 

 

2.3.  Sampling and spectral acquisition 

A standardized sampling protocol was designed to capture the representative spectral variability of 

each fruit. Four equidistant measurement points were marked along the equatorial region of each avocado.  

At each point, spectra were acquired using the AvaSpec-NIR-1.7 spectrometer operating in diffuse 

reflectance mode and coupled to a fiber-optic probe. To maximize the signal-to-noise ratio (SNR) and ensure 

robust spectral measurements, each final spectrum was obtained by averaging 80 consecutive scans at the 

same point. This procedure resulted in four high-quality representative spectra per fruit, which were 

subsequently used for chemometric analysis and model development. All spectral data were collected within 

the 900–1,700 nm range. The sample preparation and spectral acquisition process is shown in Figure 3, 

where Figure 3(a) shows the label of samples for identification, Figure 3(b) shows the marking of the area of 

analysis of the samples, and Figure 3(c) shows the acquisition of spectra. 

 

 

   
(a) (b) (c) 

 

Figure 3. Preparation and acquisition of spectra in avocado samples of (a) label of samples for identification, 

(b) marking of the area of analysis of the samples, and (c) acquisition of spectra 

 

 

2.4.  Baseline analysis and maturity classification 

For model training and validation, %DM was selected as the reference variable to define avocado 

maturity stages. This parameter is widely recognized in the scientific literature and by the avocado industry 

as a reliable indicator of both physiological and edible maturity [35], [36]. Dry matter content was 

determined using the standard gravimetric method. Approximately 10 g of homogenized pulp from each fruit 

were weighed using an analytical balance with a precision of ±0.001 g and subsequently dried in a forced-air 

convection oven at 70 °C for 24 hours until constant weight was achieved. The complete drying and analysis 

process is illustrated in Figure 4, where Figure 4(a) shows the preparation of fresh samples, Figure 4(b) 

shows the heat treatment in oven, and Figure 4(c) shows the dehydrated samples. Finally, for the 

development of the classification models, each fruit was assigned to one of three categories ‘immature,’ 

‘optimal maturity,’ or ‘overripe’ based on its %DM value. The thresholds used for this categorization, 

derived from commercial standards of the export industry [37], [38], are detailed in Table 2. 

 

 

Table 2. Avocado classification thresholds according to the %DM 
Maturity category %MS umbral 

Unripe <24.5% 
Optimal maturity 24.5% ≤%DM ≤26.5% 

Overripe ≥26.5% 
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(a) (b) (c) 

 

Figure 4. Drying process of avocado samples for physical-chemical analysis of (a) preparation of fresh 

samples, (b) heat treatment in oven, and (c) dehydrated samples 
 
 

2.5.  Preprocessing of spectral data 

Raw NIR spectra are often affected by instrumental noise, light scattering effects, and baseline 

variations. To mitigate these interferences and enhance chemically relevant information, an optimized 

preprocessing pipeline was applied prior to chemometric modeling [39]–[41]. To optimize the SNR and 

correct for physical disturbances in the samples, a preprocessing workflow divided into two critical phases 

was implemented, following a dual-pipeline architecture. 

i) Individual cleaning phase: first, the raw spectra of each measurement point underwent signal 

normalization using SG smoothing (51-point window, second-order polynomial), SNV smoothing, and 

then SG and the first derivative (19-point window, second-order polynomial). To ensure sample purity, 

outlier detection was performed using PCA-OD with a 90% confidence level and 5 components. Scans 

identified as outliers were systematically removed, and only the spectra valid for representing each fruit 

zone were averaged. 

ii) Global chemometric pipeline phase: once the dataset was consolidated, an advanced pipeline was 

applied. The sequence of the second pipeline is illustrated in Figure 5, where Figure 5(a) shows the raw 

absorbance spectra of all points and variety, Figure 5(b) shows after SNV correction, Figure 5(c) shows 

after MNF noise reduction, Figure 5(d) shows after the second derivative of SG, and Figure 5(e) shows 

the final spectra after Gaussian smoothing and spectral clipping; and consisted of the following steps: 

‒ SNV: as a first step, SNV was applied to correct light scattering variations and optical path length 

differences among samples, standardizing the scale of each spectrum. 

‒ MNF denoising: for deeper noise reduction than conventional smoothing methods, the MNF 

transform with five components was employed. This advanced technique was crucial to segregate 

and eliminate multivariate noise, retaining only the components with the highest SNR for 

subsequent stages. 

‒ SG smoothing and second derivative: a SG filter (17-point window, second-order polynomial) was 

then applied for smoothing and simultaneous calculation of the second derivative. This 

combination effectively removes baseline shifts and resolves overlapping peaks, amplifying subtle 

differences associated with chemical composition. 

‒ Gaussian smoothing: empirical tests showed that a final smoothing step using a low-impact 

Gaussian filter (σ =1.0) contributed to additional spectrum stabilization, eliminating residual high-

frequency noise introduced by derivation without distorting peaks of interest. 

‒ Spectral trimming: finally, the spectral range was cropped to 1,070–1,627 nm to focus the analysis 

on the most informative region with the highest SNR for dry matter prediction in avocado. 

It is acknowledged that this pipeline is more elaborate than conventional preprocessing sequences. 

However, during the model optimization phase, it was confirmed that omitting any of these steps particularly 

MNF denoising and the final Gaussian smoothing led to a quantifiable decrease in classification performance 

(lower AUC and MCC in cross-validation). Therefore, the complete sequence was retained to ensure 

maximum reliability and robustness of the final models presented in this work. 
 

2.6.  Development and evaluation of classification models 

The development of the classifiers was designed under a predictive computational architecture 

structured around two approaches: i) a global model trained with combined data from both ‘Hass’ and 

‘Fuerte’ varieties and ii) variety-specific models individually calibrated for each cultivar. This 

methodological contrast enabled the evaluation of whether spectral differences between cultivars justify 

distinct calibration strategies [21], [42], [43]. The predictive processing workflow was based on an ensemble 

stacking pipeline, integrating multiple algorithms as base learners and a meta-model for combination. 

Specifically, the base classifiers included RF, GB, XGBoost, categorical boosting (CatBoost), KNN, and 

decision trees (DT), while the fusion layer consisted of a linear regression meta-model, responsible for 



Int J Artif Intell  ISSN: 2252-8938  

 

Comparing global and variety-specific ensemble models for avocado maturity … (Christian Ovalle) 

2305 

optimizing the weighted combination of individual predictions. To ensure training robustness and mitigate 

overfitting, a 20-fold cross-validation scheme was applied in all experiments. This statistical design ensured 

that each instance of the dataset was used for both training and validation, thereby reducing bias in error 

estimation and strengthening model generalization. 

The performance of the classifiers was evaluated using a set of complementary metrics: confusion 

matrix, accuracy, precision, recall, F1-score, AUC, and MCC, the latter being particularly robust in 

multiclass classification contexts [44]. Hyperparameters for each algorithm were automatically optimized 

within the cross-validation framework to maximize predictive performance. In this way, the present study not 

only compares the effectiveness of global versus variety-specific models but also validates the relevance of 

ensemble stacking as an advanced methodological strategy to improve the stability, scalability, and 

interpretability of avocado maturity classification systems. 
 

 

  
(a) (b) 

  

  
(c) (d) 

 

 
(e) 

 

Figure 5. Visualization of the spectral preprocessing workflow for (a) raw absorbance spectra of all points 

and variety, (b) after SNV correction, (c) after MNF noise reduction, (d) after the second derivative of SG, 

and (e) final spectra after Gaussian smoothing and spectral clipping 
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3. RESULTS AND DISCUSSION 

This section presents the key findings of the study, integrating the exploratory analysis of the 

spectral data with the quantitative evaluation of the classification models. Five ML algorithms were 

compared under two strategic approaches: a global model and variety-specific models. In addition, the impact 

of the ensemble stacking technique was assessed against individual models, with the aim of identifying the 

most robust and accurate strategy for the non-destructive classification of avocado maturity stages. 
 

3.1.  Exploratory data analysis 

Figure 6 presents the average preprocessed NIR spectra for each maturity class (unripe, optimal 

maturity, and overripe) across the wavelength range of 1,070–1,627 nm (x-axis: wavelength in nm; y-axis: 

absorbance). Distinct spectral patterns are observed among the three maturity stages, indicating that NIR 

spectroscopy effectively captures the physicochemical changes associated with the avocado ripening process, 

particularly those related to dry matter accumulation and compositional shifts. To further explore the intrinsic 

structure of the spectral data, PCA was applied. Figure 7 illustrates the PCA score plot, where a clear 

separation of samples along the first principal component (PC1) is observed. PC1 is strongly correlated with 

the maturity stage, with Unripe samples (dry matter <24.5%) clustering predominantly on the positive side of 

PC1, while optimal maturity and overripe samples occupy the negative PC1 region. 
 

 

 
 

Figure 6. Average NIR spectra for each maturity class 
 

 

 
 

Figure 7. Principal component analysis 
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Beyond maturity-related separation, the PCA also reveals a partial but consistent separation between 

the two avocado varieties. Hass samples are mainly concentrated on one side of the spectral space, whereas 

Fuerte samples span a broader range across maturity levels. This varietal heterogeneity provides strong 

empirical evidence supporting the hypothesis that a single global model may be limited by inter-varietal 

spectral differences, whereas variety-specific models can better exploit cultivar-dependent spectral 

signatures. These findings directly justify the comparative modeling strategy adopted in this study. 

 

3.2.  Comparison of approaches: global model vs. specific models 

To determine the most effective modeling approach, a systematic comparison was conducted between 

a global model and variety-specific models for Fuerte and Hass. For each approach, five ML algorithms were 

implemented, with hyperparameters optimized via cross-validation to ensure a fair and robust comparison. The 

quantitative results are summarized in Tables 3 to 5. For the global model (Table 3), the best performance was 

achieved using GB, with an MCC of 0.526 and an AUC of 0.863. While these values indicate reasonable 

predictive capability, they were consistently surpassed by the variety-specific models. 

 

 

Table 3. Global model metrics results 

Models AUC Accuracy F1-score Precision Recall MCC 

SVM 0.805 0.676 0.676 0.677 0.676 0.505 
AdaBoost 0.708 0.611 0.611 0.611 0.613 0.411 

GB 0.863 0.690 0.689 0.689 0.690 0.526 

RF 0.847 0.681 0.680 0.681 0.681 0.512 
KNN 0.834 0.624 0.624 0.624 0.624 0.426 

 

 

Table 4. Strong variety specific model metric results 

Models AUC Accuracy F1-score Precision Recall MCC 

SVM 0.915 0.789 0.786 0.788 0.789 0.633 
AdaBoost 0.822 0.803 0.802 0.802 0.803 0.662 

GB 0.931 0.814 0.812 0.814 0.814 0.679 

RF 0.933 0.817 0.815 0.815 0.816 0.684 

KNN 0.918 0.781 0.782 0.782 0.781 0.627 

 

 

Table 5. Hass manifold specific model metric results 
Models AUC Accuracy F1-score Precision Recall MCC 

SVM 0.858 0.720 0.720 0.732 0.720 0.580 
AdaBoost 0.733 0.641 0.641 0.641 0.641 0.459 

GB 0.877 0.714 0.714 0.715 0.714 0.568 

RF 0.866 0.691 0.689 0.693 0.691 0.533 
KNN 0.845 0.681 0.680 0.681 0.681 0.518 

 

 

For the Fuerte variety (Table 4), RF achieved the highest performance, reaching an MCC of 0.684 

and an AUC of 0.933. Similarly, for the Hass variety (Table 5), the SVM classifier yielded the best balance 

between discrimination and stability, with an MCC of 0.633 and an AUC of 0.858. These results clearly 

demonstrate that variety-specific calibration strategies outperform the global approach across all evaluation 

metrics. Table 6 presents the optimized hyperparameters for all evaluated models. Notably, the optimal 

configurations differ substantially between global and variety-specific models, further reinforcing the idea 

that cultivar-dependent spectral characteristics require tailored modeling strategies rather than a unified 

global calibration. From a methodological perspective, ensemble-based algorithms particularly GB and RF 

consistently outperformed simpler classifiers such as AdaBoost and KNN. This trend suggests that the 

relationship between NIR spectral features and avocado maturity is governed by complex, non-linear 

interactions that are better captured by ensemble learning techniques. 

 

3.3.  Analysis of the best performance models 

Following the confirmation of the superiority of variety-specific models, a detailed analysis was 

conducted on the best-performing classifier for each variety. For the Fuerte variety, RF demonstrated the 

highest robustness and discrimination capability. Figure 8 shows the confusion matrix, where a strong 

concentration of predictions along the main diagonal indicates high classification accuracy across maturity 

stages. Most misclassifications occurred between the optimal maturity and overripe classes, which is 

consistent with the overlap observed in the PCA (Figure 7) and reflects the continuous nature of the ripening 

process. The corresponding ROC curves (Figure 9) further validate this robustness, with AUC values 
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exceeding 0.90 for all maturity classes, confirming the model’s strong discriminatory power. In the case of 

the Hass variety, the SVM classifier achieved the best compromise between accuracy and stability. The 

confusion matrix presented in Figure 10 indicates high sensitivity for the optimal maturity class (80.2%), 

while performance for the extreme classes was more moderate: 69.8% for unripe and 64.1% for overripe. 

 

 

Table 6. Model-specific and global hyperparameters 
Models Strong Hatred Global 

SVM Cost :10 
Epsilon regression: 0.10 

Kernel RBF g: 1.05 

Cost: 8.5 
Epsilon regression: 0.20 

Kernel RBF g: 1.05 

Cost: 1.05 
Epsilon regression: 0.20 

Kernel RBF g: 0.97 

AdaBoost Number of estimators: 50 
Larning rate: 0.010 

Loss regression: square 

Number of estimators: 50 
Larning rate: 0.010 

Loss regression: square 

Number of estimators: 50 
Larning rate: 0.010 

Loss regression: square 

GB Method: XGBoost 
number of trees: 200 

Learning rate: 0.30 

Method: XGBoost 
number of trees: 200 

Learning rate: 0.30 

Method: XGBoost 
number of trees: 100 

Learning rate: 0.30 

RF Number of trees: 350 Number of tree: 250 Number of tree: 100 
KNN Number of neighbors: 3 

Metric: Euclidean 

Weight: by distances 

Number of neighbors: 3 

Metric: Euclidean 

Weight: by distances 

Number of neighbors: 8 

Metric: Euclidean 

Weight: by distances 

 

 

 
 

Figure 8. Strong avocado confusion matrix 

 

 

The analysis of the matrix reveals high sensitivity for the ‘ripe’ class (24.5–26.5), with an accuracy 

of 80.2%. However, performance was more moderate for the extreme classes, with sensitivities of 69.8% for 

‘unripe’ (<24.5) and 64.1% for ‘overripe’ (≥26.5). Notably, the main source of error for both ‘unripe’ and 

‘overripe’ was their misclassification as ‘ripe’ (25.0% and 28.3% of the time, respectively). This suggests 

that, for the ‘Hass’ variety, the spectral characteristics of the intermediate class tend to overlap significantly 

with those of the early and late stages, presenting a more complex classification challenge compared to the 

‘Fuerte’ variety. 

The model demonstrates strong discrimination ability across all classes, with AUC values of 0.871 

for ‘unripe,’ 0.898 for ‘ripe,’ and 0.863 for ‘overripe.’ These consistently high values confirm that the SVM 

model possesses strong predictive potential for the ‘Hass’ variety. The apparent discrepancy between the 

high AUC and the more moderate sensitivities in the extreme classes indicates that, although the model is 

effective at ranking probabilities, defining a single cutoff threshold for final classification is inherently 

challenging due to class overlap. 

To contextualize the findings of this study, it is essential to compare them with the current state  

of the art. Previous research on NIR spectroscopy for avocado quality assessment has predominantly 

employed regression-based methods, particularly PLS, to predict quantitative parameters such as dry matter 

content. Reported R2 coefficients typically range from 0.62 to 0.98 under controlled laboratory conditions 

[10], [26], [28]. Although these models have proven valuable for quantitative prediction, their application in 

industrial environments remains limited due to the need for frequent recalibration and the challenges 

associated with transferring models to dynamic, real-time classification systems. In contrast, the present 

study approaches the problem from a classification perspective, which is more compatible with automated 

sorting systems and postharvest quality management operations. 

Regarding the ensemble stacking strategy, results demonstrated that combining multiple algorithms 

consistently outperformed individual classifiers, improving both accuracy and predictive stability. This trend 

aligns with findings from recent studies on tropical fruit classification using ML [30], where stacking-based 

frameworks achieved accuracy gains of 5–10% compared to baseline models. In our case, ensemble stacking 
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also reduced inter-campaign variability and enhanced model robustness for underrepresented maturity 

categories an important factor for operational deployment in heterogeneous production contexts. 
 

 

  
 

 
 

Figure 9. Strong avocado ROC curve chart for each maturity threshold 
 

 
 

Figure 10. Hass avocado confusion matrix 
 

 

When compared to previous PLS-DA models applied to avocado [45], the proposed approach 

achieved a more balanced and reliable classification across all categories. Whereas the referenced study 

reported limited performance for intermediate maturity (F1-score =0.32), the model obtained F1 values 

exceeding 0.78, along with high MCC and AUC scores across classes. These results indicate that advanced 

ML algorithms particularly when combined through stacking are more capable of managing overlapping 

spectral patterns and the inherent complexity of the avocado ripening process. 
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From a practical standpoint, the proposed framework provides a feasible alternative for real-time 

maturity monitoring during postharvest handling and export preparation. By offering non-destructive, rapid, 

and automated evaluation, it can help optimize harvest scheduling, reduce postharvest losses, and improve 

the uniformity of export batches. Moreover, the scalability of the ensemble approach supports integration into 

IoT-based quality control systems and digital traceability platforms, contributing to the advancement of 

precision agriculture and supply chain efficiency. 

Nevertheless, certain limitations must be acknowledged. Environmental factors such as variations in 

ambient humidity, temperature, and lighting may influence spectral readings and introduce variability not 

fully captured in this study. The dataset used was limited to a single harvest season, which could affect the 

model’s generalizability across years or geographic regions. Future work should therefore explore  

cross-seasonal validation, sensor calibration standardization, and the impact of different orchard management 

practices to strengthen model robustness and reproducibility under diverse real-world conditions. Overall, the 

findings validate the relevance of variety-specific modeling and ensemble learning for non-destructive 

maturity prediction, offering a practical and scalable framework that bridges data-driven modeling with 

agricultural technology innovation. 

 

 

4. CONCLUSION 

This study demonstrated that NIR spectroscopy combined with supervised ML provides an 

effective, non-destructive, and scalable framework for avocado maturity classification. The results clearly 

showed that variety-specific models for Hass and Fuerte consistently outperformed the global model, 

achieving MCC values of up to 0.667, thereby confirming that cultivar-dependent calibration enhances 

predictive accuracy and model stability under varietal heterogeneity. Furthermore, the validation of ensemble 

stacking highlighted its superiority over individual classifiers, as the integration of multiple learning 

algorithms resulted in more robust and reliable decision-making performance. From an applied perspective, 

the proposed methodology offers direct benefits for postharvest management and export logistics by enabling 

rapid, non-invasive quality assessment and is well suited for integration into IoT-based monitoring systems, 

digital traceability platforms, and cloud-based analytical infrastructures. Future research should explore 

broader spectral ranges, cross-seasonal validation, and longitudinal studies tracking fruit evolution 

throughout storage and transport, as well as the incorporation of sensor fusion and edge-computing strategies. 

Overall, this work establishes a solid foundation for the development of intelligent, scalable, and  

industry-oriented quality assessment systems that support automation, precision agriculture, and 

technological innovation in the global avocado supply chain. 
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