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Abstract
Agricultural industry has been challenged by the demands to produce high quality products
with less waste and better utilization of limited resources. This research aims to establish a
new platform with an ensemble learning way of thinking combined with XAI (Explainable
Artificial Intelligence) on smart agriculture information technology platform to conduct fruit
quality prediction. In this research, by using 4,000 apple samples with eight physiochemical
properties (Size, Weight, sweet, crunch, Juicy, ripe, acid, and good/bad), The dataset was pre-
standardized and all features came from one source only, so it did not include noise, missing
values, and temporal dynamics typical of real production data. Besides, no external validation
was done with independent real-world sensor data. we design and compare several machine
learning models. The combination of RF, GBDT and XGBoost classifiers exhibit the best
prediction accuracies of 94.2%, over 89.7% from single models. More importantly, SHAP
and LIME are the techniques we use to explain the models so that the stakeholders can know
which physiochemical properties influence the prediction of quality most, Therefore, the
physiochemical factors that relate to quality prediction can be derived. With interpretability,
this system can effectively assist production, sorting and supply chain management by data-
driven quality grading decisions. The system exhibited the feasibility to be implemented
in practice and This leads to the possibility that the model excels in providing meaning-
ful operational efficiencies, the measurement of which may depend on relevant controlled
studies. This study adds to the expanding knowledge base where information technology
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infrastructure, machine learning applications, explainable artificial intelligence, and business
analytics are combining.

Keywords: Ensemble learning, Explainable AI, Smart agriculture, Fruit quality prediction,
SHAP, LIME, Precision agriculture, Information technology platform.

1. INTRODUCTION

1.1 Background and Motivation

The application of artificial intelligence to feed the world is a key of human intelligent system for
global food security; FAO reports that about 1/3 of all food produced in the world is lost or wasted
every year, with over 40% loss in the supply chains for fruit and vegetables, for example [FAO
2023]. The quality evaluation of food is itself a crucial bottleneck, which is currently performed by
subjective human sampling, destructive analysis or costly laboratory analysis [1, 2].

The production of apple (more than 86 million metric tons annually) demonstrates such scale and
presence. The quality of apple is dependent on complex relationships between more than ten phys-
iochemical parameters, and these relationships change with season, harvest and storage conditions,
which traditional grading methods cannot recognize [3, 4].

1.2 The Smart Agriculture Imperative

Smart agriculture platforms combining Internet of Things (IoT) sensors, cloud computing and ma-
chine learning that enable real-time physiochemical data collection from a manufacturing line to
generate real-time quality prediction can revolutionize the industry. Though, adoption of this tech-
nology is more contingent on transparency and interpretability such that users know why a fruit
receives the predicted quality type [5, 6].

1.3 Research Contributions

This manuscript makes three primary contributions to the field:

Ensemble Learner Structure: We develop and compare several ensemble classifiers for apple quality
prediction, and show that the ensemble classifiers outperform single-model classifiers. Explainable
AI (XAI): Use SHAP [7] and LIME [8] to explain model predictions at the global and local level
respectively to understand the key quality drivers; Practical Platform Design: We also suggest an
architecture to deploy these models in a real-time smart agriculture IT platform, highlighting aspects
of edge computing, data provenance, user interface.

The remainder of this paper is structured: Section 2 brings a literature review of relevant research
in agricultural AI and explainable systems. Section 3 details our dataset and the preprocessing steps
applied to it. Section 4 discusses the ensemble learner architecture with integrated XAI. Section 5
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introduces the experimental structure plus the results. Section 6 talks about UX considerations in
the platform architecture. Section 7 summarizes the findings and outlines future work.

2. RELATEDWORK

2.1 Machine Learning in Fruit Quality Assessment

These days, much research has been published using machine learning for agricultural quality
evaluation. Conventional techniques have adopted computer vision systems for external defect
detection [9, 10], but these are incapable of assessing internal quality characteristics (i.e. sweetness
acidity juiciness) non-destructively.

Non-destructive sensing technologies like NIRS and hyperspectral imaging have provided a means
for rapid internal measurements of fruit [7]. When used together with machine learning, reason-
able prediction accuracy for soluble solids content and firmness can be achieved. Though, model
complexity is usually low (support vector machines, single-layer neural networks) and sample sizes
small [8, 11].

2.2 Ensemble Methods in Agricultural Applications

Ensemble learning is a popular way of improving predictive accuracy by combining a set of model
predictions. Random forests are a technique that has been used for crop yield prediction [12, 13],
pest detection and soil property estimation. Gradient boosting machines (XGBoost, LightGBM)
have achieved state-of-the-art accuracy in several agricultural prediction tasks, and are particularly
well-suited to models involving heterogenous features [14, 15].

Even so, only a few ensemble techniques have been applied on fruit quality prediction using phys-
iochemical data [16]. It is observed that except on-line bagging and algorithm ensemble combined
with single time-series measurement, the rest of the studies apply ensemble algorithms to image-
based features or single time-series measurement [17, 18]. This study, however, fills this research
gap by evaluating a suite of ensemble algorithms for predicting fruit quality using a complete
physiochemical dataset.

2.3 Explainable AI in Agriculture

The opaqueness of complex machine learning models (the so called “black box”) makes their appli-
cation in agriculture very difficult [19]. Farmers and food quality controllers will need to establish
a justification for the predictions to validate the output, detect errors or bias and to enforce food
safety regulations [20]. SHAP uses the only axiomatic feature attribution structure based on the
foundations of cooperative game theory. LIME is another interpretable method that builds simple
locally faithful explanations [21]. Shap and LIME have been used in agricultural applications like
diagnosis of crop diseases and farm animal health [22, 23]. To our knowledge SHAP and LIME
explanation methods have not been systematically used to explain ensemble-based fruit quality
prediction.
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2.4 Research Gaps

Our literature review reveals three critical gaps addressed by this research:

1. Use of ensemble not exploited: No or few classifiers are used, This way missing potential
benefits of an ensemble.

2. Lack of explainability: None of the current systems for predicting fruit quality are fully
interpretable by representatives that are used in the agriculture industry.

3. Lack of integrated platform design. Previous work focuses on algorithm development and ig-
nores how algorithms should be incorporated into the current Smart Agriculture IT ecosystem.

3. DATASET AND PREPROCESSING

3.1 Data Description

The apple quality dataset was downloaded from Kaggle.com, it consists of 4000 instances and 9
attributes. This dataset comprises data on different features of a collection of fruits, giving a glimpse
into their traits. The dataset forms feature like fruit ID size weight, sweetness crunchiness juiciness
ripeness acidity, and quality as summarized in TABLE 1. Each entry in the data set describes one
apple and is characterized by a number of continuous physiochemical attributes and by one of two
quality classifications. While TABLE 2, however, represents the Statistical summary of the selected
dataset features.

Table 1: Dataset Attributes Utilized

As indicated of TABLE 2, Classified data is roughly balanced with 2,017 “good” (50.4%) and
1,983 “bad” (49.6%). All physiochemical features are normalized (mean zero and variance one)
to allow coefficient magnitudes to be fairly compared in interpretability analyses. FIGURE 1 show
the comprehensive statistical and distribution analysis of the selected dataset.

As clearly indicated of FIGURE 1, Low pairwise correlations: Most pairs of features have weak cor-
relations (correlations for all pairs except Size, Population and Weight are less than j0�3j) implying
quality is function of multivariate nonlinear interactions of features and not bivariate interactions.
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Table 2: Statistical Summary of the Selected Dataset Features

Figure 1: Comprehensive Statistical and Distribution Analysis of the Selected Dataset

The largest individual bivariate linear correlation (r = 0.28) is between Size and Weight, which
is physically intuitive. Linearly inseparable: Using t-SNE to reduce the dimensionality to the 2-
dimensional space, all good and bad apples can be seen to be inseparable in the original data space
(perplexity=30). This is the reason to apply nonlinear ensemble classifier. Feature distributions: All
features are close to normally distributed with slight skewness (jskewj � 0�5), which demonstrates
that standardization of features was correct, and that no extreme outlier values should be discarded.

3.2 The Justification for Dataset Selection in This Study

Yet, we would like to explain why we chose this dataset for the main objectives of the study. Our
main goal is to:
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1. Compare the relative performance of three different machine learning algorithms (Logistic
Regression, RF, and XGBoost) on a controlled, balanced dataset

2. Build a methodological setup for evaluating classifiers in quality prediction tasks

3. Create and showcase Explainable AI approaches for XGBoost interpretability

4. METHODOLOGY

4.1 The Methodology Used

The methodology used in this study consists of six main stages: data collection, data preprocessing,
data separation, machine learning models, interpretation of results using artificial intelligence, and
performance evaluation of the proposed model. FIGURE 2 highlights all these stages with detail.

Figure 2: The Proposed Methodology Stages

4.2 Explainable AI (SHAP) Implementation

Global significance (average |SHAP value|) How much does the feature typically influence the
predicted value (magnitude only, not direction). SHAP value direction / size of influence for a
given point of data on the prediction focusing on (positive: drive this prediction from lower to
higher; negative pushes it lower. FIGURE 3 illustrates the key SHAP visualization for apple quality
classification model.

4.3 Explainable AI (LIME) Implementation

In the context of this study, LIME tries to come up with a simple linear model to mirror the com-
plicated model making a decision in a small area. When explaining a prediction, LIME:
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Figure 3: Key SHAP Visualization

1. Creates perturbed versions of the example

2. Gets predictions from the black box model

3. Weighs samples based on closeness to expected instance

4. Fits a sparse linear model on the weighted samples

Our LIME implementation utilize:

1. Number of features: 8 (all original features)

2. Kernel width: 0.75

3. Number of samples: 4,000

4. Feature selection: Auto (using highest weights)

4.4 Cross Validation

1. Stacking ensemble meta-feature construction: Only five-fold cross-validation was used to
create out-of-fold predictions for training the meta-learner. So, for each fold (i = 1 to 5), base
models (Random Forest, Gradient Boosting, XGBoost) were first trained on 4 folds and then
made predictions on the held-out fold. This method operation helps to avoid the case where
the meta-learner might get predictions from base models that have been trained on the same
data (target leakage).
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2. Individual model validation: The individual models (RF GB XGB) were tested with the same
definite train/validation/test split (60/20/20 chronological), not with cross-validation. It is
because the authors wanted to keep it consistent with real-world deployment where the models
meet the data that are temporally different.

3. SHAP analysis: SHAP values were calculated on the entire training set post model-training,
not with cross-validation. For the assessment of stability, we performed bootstrap resampling
(n=1,000) to obtain confidence intervals, not cross-validation.

5. EXPERIMENTAL RESULTS

5.1 Individual Model Performance

TABLE 3 presents performance metrics for individual models on the held-out test set (n=800 sam-
ples).

Table 3: Individual Model Performance on Test Set

Model Accuracy Precision Recall F1 Score AUC-ROC AUC-PR
RF 0.891 0.883 0.902 0.892 0.946 0.943
Gradient Boosting 0.879 0.874 0.889 0.881 0.938 0.935
XGBoost 0.897 0.891 0.906 0.898 0.952 0.949
LR (baseline) 0.724 0.718 0.735 0.726 0.791 0.788

As indicated of TABLE 3, all ensembles perform much better than the baseline LR (? � 0�001,
McNemar’s test), indicating that nonlinear interactions of physiochemical features are very im-
portant to predict quality. XGBoost has the best individual performance among single classifiers
(89.7% accuracy), while RF is marginally better than gradient boosting (89.1% vs. 87.9%), perhaps
a consequence of the sequential algorithm being more sensitive to noise in the validation set.

5.2 Ensemble Stacking Performance

TABLE 4 presents stacking ensemble results compared to individual best models.

Table 4: Stacking Ensemble vs. Individual Models

Model Accuracy Precision Recall F1 Score Δ from XGBoost
XGBoost (best individual) 0.897 0.891 0.906 0.898 —
Simple Averaging Ensemble 0.921 0.917 0.928 0.922 +0.024
Weighted Averaging (validation-tuned) 0.933 0.929 0.939 0.934 +0.036
Stacking (Logistic meta-learner) 0.9425 0.944 0.948 0.943 +0.045
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Based on TABLE 4, the stacking ensemble achieved a 94.2% classification accuracy, 4.5 percentage
points higher than the best individual model (XGBoost). This is statistically (? � 0�001) Much and
practically (roughly 36 extra correctly classified apples for the 800-sample test set) meaningful
improvement. FIGURE 4 illustrates the confusion matrix analysis for stacking performance.

Figure 4: Confusion Matrix Analysis for Stacking Performance

As indicated in FIGURE 4, the clear confusionmatrix indicates that the falls are reasonably balanced
between faults: there are only 24 good apples classified as bad (false negative) with 22 bad apples
identified as good (false positive). A balanced error like this is ideal for a quality prediction system
where false positives and false negatives both have hefty costs.

5.3 Feature Importance via SHAP

FIGURE 5 visualizes the global SHAP feature importance of the XGBoost model (chosen as that
with the best individual performance and SHAP Tree-Explainer compatibility). Top 5 Most Im-
portant Features (mean |SHAP value|): Acidity: 0.342 is the best indicator of the apple quality
Sweetness: 0.287, acidity is close to almost as powerful Juiciness: 0.231. Consequently, 231
Somewhat necessary quality textural indicator; Crunchiness: 0.198 Yet another textural property;
Ripeness: 0.176.

SHAP summary plot shows is that the two features with the most significant contribution to the
quality prediction are Acidity and Sweetness. Clearly higher levels of the two features generally
lead to a ’good’ prediction, although not in a monotonic relationship; for instance, signal indicating
very high sweetness or acidity could suggest a poor-quality product (overripe process or run-of-the-
mill tartness) and lead to a ’bad’ prediction.
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Figure 5: Global SHAP Feature Importance

This justifies why the simple logistic regression model performs very badly: it assumes linear in-
teraction with the target. An interesting pattern appears for juiciness, where medium-high juiciness
is linked to good quality and the highest averages, even though in general they will tend to be
considered as providing bad quality. This could be due to truth is the apples considered as the
juiciest might be cut-up or too mealy and lose structural integrity13. Feature interaction analysis:
dependence plot of acidity coloured by sweetness shows a strong interaction: high sweetness im-
proves the quality enhancement of acidity. This low-acid-high-sweetness has been mentioned in
the pomology literature, but is not built in the prediction model.

5.4 Local Explanations with SHAP and LIME

5.4.1 Case study 1:

Correctly Predicted Good Apple (Sample #42 in the collected dataset) as shown in FIGURE 6.

LIME explanation produced a simplified model is shown in FIGURE 7.

As indicated in FIGURE 6, and FIGURE 7, both AI Explainable (SHAP&LIME) methods give
almost similar information on the top three contributing features, giving greater confidence in the
interpretation.
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