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Abstract. The disease-detection system model for greenhouse vegetables must be very accurate, simple to understand, and
compatible with a low-cost monitoring apparatus. The majority of deep learning techniques necessitate large-scale
annotated images and provide less insight into the visual symptoms that influenced the classification choice. Make a selection
of explainable features. This study used a Random Forest algorithm to detect crop diseases in photos of greenhouse
vegetables. Using a method, extract lesion color, texture, form, boundary, and local contrast features from iliness candidate
locations. Then, use a relevance-redundancy-importance selection strategy to create a small set of symptom-sensitive
features. The chosen features are used to train a Random Forest classifier, and category-level iliness difference is interpreted
using feature significance analysis. Experimentally evaluate the computational efficiency, illumination robustness, confusion
among related diseases, feature reduction ratio, and detection accuracy. With a general accuracy of 94.3%, a macro-F1 score
of 93.6%, a feature reduction rate of 61.8%, and an average inference speed of 6.4 ms per image, all of the metrics in the
suggested model have produced excellent results. As a result, the selected symptom descriptors will perform well in
categorization and offer more comprehensible features at the representation level.
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Introduction

Greenhouse vegetable production is essential for promoting high-quality, intensive-agricultural-management
greenhouses and ensuring food security. Greenhouse systems have more control over temperature, humidity,
irrigation, and nutrient conditions than open-field production, but they are also enclosed spaces, and if early
signs of bacterial, viral, or fungal diseases are not addressed, they will spread swiftly. As a result, image-based
disease detection has been employed in the real world to increase the accuracy of plant protection, and cameras
in permanent monitoring stations or mobile inspection equipment can be used to continuously capture leaf
images without causing harm to the plants [1]. The model crops of cucumber, tomato, pepper, lettuce, and
eggplant were chosen, and it was examined whether early disease detection might lower the use of pesticides
while also determining what type of early intervention methods were required for local treatment [2]. Automatic
disease identification in greenhouse monitoring systems is also feasible due to the increasing affordability of
low-cost cameras and edge devices [3].

Nevertheless, it is difficult to categorize photos of greenhouse vegetable diseases. The color distribution of the
lesions is being impacted by variations in leaf shade, additional bulbs, and uneven lighting brought on the plastic
film. Superfluous visual aspects unrelated to the disease include leaf overlap, water droplets, dirt background,
stem occlusion, and variations in camera distance [4]. Although deep convolutional networks have improved the
identification of plant diseases, they often require a large number of tagged photos and may be computationally
demanding for inexpensive greenhouse terminals [5]. The performance of traditional machine learning models
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based on handcrafted features is largely dependent on whether the feature set can capture information like
lesion color, texture, shape, and boundaries without retaining too many background descriptors, even though
these models are still reasonable choices for datasets with moderate sizes and when interpretability is required
[6]. Although Random Forest offers a measure of feature relevance and is comparatively insensitive to non-linear
interactions among features, duplicated or correlated image features may nevertheless compromise
classification stability [7].

In this paper, develop an explainable feature selection Random Forest model for crop disease diagnosis in photos
of greenhouse vegetables. Features are assessed for relevance and redundancy using a method to extract
symptom-oriented descriptors from disease-candidate regions. Tree-based importance then chooses which
features to include in a reduced set for Random Forest classification. Reducing feature redundancy without
compromising disease recognition accuracy, improving discrimination between visually similar disease
categories, and providing feature-level interpretability appropriate for greenhouse plant protection decisions
are the three practical issues addressed in this study. The system aims to provide high classification accuracy,
cheap inference costs, stable performance with variations in greenhouse imaging circumstances, and strong
model transparency.

Related Work

Image-Based Plant Disease Diagnosis

From color thresholding and texture descriptors to deep learning and mobile identification systems, image-
based plant disease diagnosis has advanced. In the past, lesion segmentation, color moments, gray-level co-
occurrence matrices, local binary patterns, and shape characteristics were employed to distinguish between
healthy and diseased leaves. These methods are nevertheless appropriate for minimal training data and visually
distinct illness symptoms [8]. Deep models are currently widely used for various recognition tasks due to the
expansion of public plant disease databases and the use of convolutional neural networks. Research on apple,
rice, tomato, and palm diseases demonstrates that deep learning can enhance classification accuracy in a
controlled setting by directly learning discriminative lesion features from photos [9]. By using features pre-
trained on general image recognition or other related crop disease datasets, transfer learning and domain
adaptation lessen the need for large-scale labelled datasets [10].

The detection of greenhouse diseases differs from various benchmark datasets. The production environment's
images feature a variable background, overlapping leaves, inconsistent lighting, and early-stage lesions with
weak contrast. Models trained under one imaging setting may perform poorly when the illness presentation or
acquisition equipment are different, according to open-set and cross-domain research [11]. Simultaneously, a
sample's diagnosis of powdery mildew, leaf spot, downy mildew, or nutritional stress-like disease must be
explained for practical usage. Heatmaps can be produced by a single deep learning model, but they cannot be
directly connected to agronomic properties like lesion color, edge sharpness, spot circularity, and texture
roughness [12]. In order to preserve visual feature engineering and improve the accuracy of feature selection
and classification, hybrid models have been put forth.

Feature Selection in Agricultural Image Analysis

In this work on plant disease identification, feature selection is also necessary for the manually created image
descriptors. Color, texture, shape, border, and contrast descriptors can produce hundreds of candidate variables;
many of these are redundant or illumination-sensitive. The classifier may learn background patterns, leaf variety
characteristics, or imaging artifacts rather than iliness symptoms if descriptors are the only ones employed [13].
Wrapper approaches look for subsets based on classifier performance, filter methods utilize correlation, mutual
information, or separability indices to establish the relevance of features, and embedding methods use model-
specific importance during training [14]. By selecting symptom-sensitive descriptors associated with disease
categories, feature selection in agricultural image analysis minimizes computation and enhances interpretability
[15].

Images of greenhouse vegetables should have features that are both non-redundant and capable of
discrimination. Boundary features indicate if the lesion edge is diffuse or clearly separated from healthy tissue,
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texture features are utilized to evaluate fungal growth or spot density, and lesion color features can distinguish
between necrosis and chlorosis [16]. There is a strong correlation between descriptors from the same texture
operator or color space. The two selection strategies have distinct complements and do not overlap. For this
reason, Random Forest classification is also appropriate; nevertheless, the significance of correlated variables
may still be dispersed and therefore less consistent, even if it can handle mixed-type features [17].

Tree Ensemble Models for Interpretable Classification

Tree ensemble models are frequently employed in applied classification tasks without considerable feature
scaling because of their ability to handle non-linear relationships, mixed-scale features, and limited amounts of
data very well. In order to lower the variance of a single decision tree, Random Forest creates numerous decision
trees using bootstrap sampling and random feature subspace selection [18]. In addition to providing class-wise
feature importance, Random Forest can be used to combine lesion color, texture, and shape information for
image-based disease identification. Although Gradient Boosting and XGBoost often have higher accuracy, they
are more challenging to implement on low-cost devices and are somewhat susceptible to hyperparameter
adjustment [19].

Another factor in selecting a feature-selection Random Forest model for greenhouse disease monitoring is
interpretability. Agronomists can ascertain whether a classifier is based on physiologically significant symptoms
or unrelated background elements by using Feature Importance. Feature contribution analysis needs to be more
visible when the outcomes of a model will direct real-world scenarios, according to research on explainable
artificial intelligence [20]. When diagnosing plant diseases, interpretable categorization can determine which
symptom descriptors differentiate visually similar diseases and which descriptors are sensitive to light changes
[21]. In order to balance accuracy, robustness, and field application, a compact and explainable Random Forest
model has been chosen. For displaying the non-linear threshold effect of color, texture, or lesion area descriptors,
tree-based interpretation is also practical [22]. Additionally, local-to-global explanation techniques aid in
expanding the use of individual picture diagnostic to knowledge at the category level [23]. Instead, then giving
explanations as independent importance scores, the majority of explainable Al research focuses on connecting
explanations to domain knowledge [24]. Agricultural data analysis also requires interpretability in machine
learning, i.e., the ability to ascertain whether a given prediction has biological or environmental significance [25].
By lowering the number of potential split variables and preventing unstable significance distributions among
redundant descriptors, feature selection can further improve the interpretability of tree ensembles [26]. To
reduce the inference cost while retaining non-linear discrimination capacity, a smaller collection of features is
selected for Random Forest image classification [27]. Reducing redundant leaf descriptors increases
classification stability, according to research on rice disease using feature selection [28]. Based on the findings,
it is suggested that feature selection, Random Forest classification, and explanation analysis be developed as an
integrated approach rather than separate modules for the identification of greenhouse vegetable diseases [29].
Therefore, a highly complex model with opaque decision evidence is not as appropriate for the low-cost
agricultural monitoring application as a compact and interpretable classifier [30].

Explainable Feature Selection Random Forest Model

Disease Candidate Region Extraction and Symptom Feature Encoding

The proposed method begins with greenhouse vegetable image preprocessing. Each RGB image is resized
to 512 X 512 pixels, and a color constancy correction is applied to reduce the effect of plastic-film reflection
and supplemental lighting. The leaf region is separated from background by combining excess green response
and adaptive saturation thresholding. Disease candidate regions are then enhanced by emphasizing local
deviations from the surrounding healthy tissue, because early lesions are often small and have weak contrast.

Kl(x,y)

MO G e Fa.(l)

Here, In(x, y) is the illumination-normalized pixel value, uQ(x, y) denotes the local neighborhood mean, x is a

scale coefficient, and € prevents unstable division in dark regions. This operation keeps lesion contrast while
suppressing slow illumination drift across the leaf surface.
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S(X, y) = acholor (x' y) + aZlep(x! Y) + a3Eedge(x' y) Eq(Z)

The terms Decolor, Telp, and Edge describe color deviation, local binary texture variation, and boundary
response. In the implementation, al, @2, and a3 are selected on the validation set, and the final candidate mask
is obtained from the top 18% lesion-score pixels within the leaf region.

Ay 4mA;

N =—-———)C = ———
. Aleaf g P]? Eq(3)

The ratio rk measures lesion occupation in the leaf region, while ck measures compactness. Circular spots,
irregular blight regions, and diffuse mildew areas can therefore be separated by morphology-sensitive
descriptors rather than by color alone.
d; — median(d;)
LT TMAD(d) + ¢ Ea.(4)
Figure 1 shows the disease candidate extraction and symptom feature encoding workflow. The figure is placed

after feature construction because it connects image preprocessing, lesion localization, and descriptor
generation into a unified pipeline.
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Figure 1. Explainable symptom feature selection workflow for greenhouse vegetable disease images

Relevance-Redundancy-Importance Feature Selection

The initial feature pool contains 186 descriptors, including 54 color features, 72 texture features, 38 shape and
boundary features, and 22 local contrast features. Directly using this pool increases computation and may
reduce interpretability because correlated descriptors distribute importance across multiple variables.

1(f5y)
Rel(f;) = H( ) Eq.(5)

The relevance score is normalized mutual information between feature fi and disease label y. It estimates
whether the feature contains class-discriminative information independent of its numerical scale.

Red(f;, £) = max|corr(f,, ;)| Eq.(6)

Redundancy is measured by the maximum absolute correlation between the candidate feature and the already
selected feature subset Fs. This maximum form avoids retaining several almost identical color or texture
descriptors.
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mp() =7, Y. AG, fa.(7)

t  VEN(i)

Here, T is the number of trees, Nt(i) is the set of nodes split by feature fi in tree t, and AGv is the Gini impurity
reduction at node v. Features repeatedly selected near upper tree levels tend to obtain higher values.

Score(f;) = A;Rel(f;) + A,Imp(f;) — A;Red(f;, Fs) Eq.(8)

The weights A1, 12, and A3 are tuned on the validation set. In the experiment, A1 = 0.42,42 = 0.38, and 13 =
0.20 provide the best balance between accuracy and feature compactness.

AQr = Q(F; v {fi}) — Q(F) Eq.(9)

If AQk is lower than 0.002 for five consecutive candidate features, the selection process stops. This prevents the
model from adding features that only increase dimensionality without improving disease discrimination.

minR.(F; U {£)

B(f) = m Eq.(10)

The final feature utility is sensitive to both global accuracy and class-level balance, which is important when early
blight, leaf spot, and nutrient stress-like symptoms appear visually similar.
Random Forest Disease Decision and Feature Explanation

The selected feature subset is used to train a Random Forest classifier. Each tree is trained on a bootstrap sample,
and each split considers a random subset of selected descriptors. This mechanism reduces variance and
improves robustness under greenhouse image variability.

he(x) = argmaxPy(c | xp) Eq.(11)

The prediction of one tree is determined by the class posterior estimated at the leaf node reached by the
selected feature vector off. The forest prediction is obtained by aggregating all tree decisions.

1

The final disease category is the class with the largest aggregated probability. In the implementation, the forest
contains 220 trees, the maximum depth is limited to 18, and the minimum leaf size is set to 4.

—1_ 2
60 =1-) 7 Eq.(13)
c
A split is selected when it maximizes impurity reduction while satisfying the minimum sample constraint. This
favor features that separate disease classes consistently across image subsets.
@(f;, c) = mean yep, |P(c | x) — P(c | x )| Eq.(14)

Figure 2 presents the Random Forest decision aggregation and feature explanation mechanism. It highlights that
the model not only outputs a disease label but also generates category-level symptom evidence through
selected feature importance.

18



Feature Selection Random Forest Model for Crop Disease Detection in Greenhouse Vegetable Images
https://doi.org/10.64972/jiic.2023v1.363p2s:14-26

Random Forest Disease Decision and Feature Explanation Mechanism
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Figure 2. Random Forest decision aggregation and feature explanation mechanism

|F|
] = Flmacro - .81 - ﬁZTinf + .83Sexp
| Fap |

Eq.(15)

The final model keeps 71 features from the original 186 descriptors. This subset preserves disease-sensitive color
and texture features while removing many redundant background and weak-shape descriptors.

Experimental Results and Comparative Discussion

Disease Detection Performance Across Models

The experimental dataset contains 8,640 photos of greenhouse vegetables from tomato, cucumber, pepper, and
lettuce producing locations. Healthy leaves, powdery mildew, downy mildew, early blight, bacterial spot, and
leaf mold are the six varieties. To avoid image-neighborhood leaking, split the dataset's acquired batches into
70% for training, 15% for validation, and 15% for testing. KNN, SVM, Decision Tree, Full-feature Random Forest,
XGBoost, Lightweight CNN, and MobileNetV2 are the baseline models. There are 220 trees and 71 selected
features in the feature-selection Random Forest that is suggested here.

The overall detection results are shown in Figure 3. Accuracy, macro-precision, macro-recall, and macro-F1 are
compared in Figure 3(a). The suggested model has 94.3% accuracy and 93.6% macro-F1. The accuracy of the full-
feature Random Forest is 0.918, whereas the accuracy of SVM and XGBoost is 0.887 and 0.924, respectively. The
class-level recall is shown in Figure 3(b); powdery mildew and leaf mold have recall rates of 96.1% and 94.8%,
respectively, while bacterial spot continues to be the most challenging class with a recall rate of 90.5%. The
proposed model has a speed of 6.4 ms per image, which is significantly quicker than MobileNetV2 at 18.7 ms
and full-feature Random Forest at 9.8 ms [31]. Figure 3(c) illustrates the inference time contrast.

It is incorrect to think of feature selection as a decrease in the number of features. Eliminating superfluous
descriptors enhances the quality of tree splits and lessens the possibility that the initial splits will be led by
backdrop or illumination-sensitive descriptors. When compared to a full-feature Random Forest, the suggested
model has a higher macro-F1 score and 61.8% less features. When it comes to early-stage lesions with little sick
patches, a lightweight CNN is not particularly stable, but it works well for clear-cut symptoms. Because the
chosen color-texture descriptors are still sensitive to local fungal texture and poor lesion contrast, the suggested
model has retained good accuracy [32].
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Figure 3. Disease detection performance comparison across classification models. (a) Overall accuracy, precision, recall, and macro-F1
comparison. (b) Class-level recall of six greenhouse vegetable disease categories. (c) Inference latency comparison among machine learning
and lightweight deep learning models.

Feature Selection Effect and Category-Level Interpretation

The number of features, descriptor type, importance distribution, and class-level explanations are used to assess
the efficacy of feature selection. The validation accuracy curve as a function of the number of chosen features
is shown in Figure 4(a). Before 45 features, accuracy increases quickly; at 71 features, it approaches 94.3%;
beyond that, it is nearly constant. Descriptor composition is shown in Figure 4(b): 26 color descriptors, 29 texture
descriptors, 9 shape descriptors, and 7 contrast descriptors were chosen. The top 15 features in the chosen set
include Lab-a mean, HSV saturation variance, LBP uniformity, GLCM contrast, lesion compactness, and edge
irregularity (Figure 4(c)). The average absolute feature correlation following selection is 0.19, as seen in Figure
4(d), which is less than the initial 0.42.

The chosen characteristics align with the greenhouse's apparent illness symptoms. A large local brightness
variance and a fine texture density are typically indicative of powdery mildew [33]. Downy mildew has a low-
saturation lesion area and a greater shift in yellow-green color. The first kind of blight is rough, ringed, and dark
in color. A bacterial spot s a tiny, irregularly bordered, high-contrast region. These feature patterns demonstrate
that the Random Forest classifier uses symptom-level descriptions along with findings from plant pathology in
addition to a generic leaf color [34].

The category-level explanation is shown in Figure 5. The class-wise feature contribution matrix is displayed in
Figure 5(a), with texture consistency accounting for 18.6% of the categorization of powdery mildew and edge
irregularity for 16.2% of the detection of bacterial spots. Shape descriptors are required to differentiate between
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the confused bacterial spot and early blight samples because they have similar dark lesion colors but somewhat
different spot boundary distributions [35]. Figure 5(b) illustrates the proper categorization and confusion of

samples.
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Figure 4. Feature selection effectiveness and symptom feature importance. (a) Validation accuracy under different selected feature
numbers. (b) Composition of selected color, texture, shape, and contrast descriptors. (c) Top-ranked symptom features based on composite
selection score. (d) Feature redundancy reduction before and after selection.
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The results of the interpretation also demonstrate how feature selection enhances model stability. The full-
feature model includes a number of illumination-sensitive RGB descriptors at higher tree levels, which causes
the classifier to give brightness variations an excessive amount of weight. Choose one to more uniformly
distribute the texture descriptors throughout the tree splits by substituting lab and HSV descriptions for the raw
RGB features. Normalization of local textural elements and color spaces makes them more resilient to variations
in greenhouse lighting.

Robustness and Deployment Efficiency

For robustness tests, three greenhouse imaging disturbances are introduced: backdrop complexity, leaf overlap,
and uneven illumination. The accuracy for -30% and +30% illumination changes is displayed in Figure 6(a); under
extreme underexposure, SVM drops to 84.1%, while the suggested model stays above 90.8%. By adding areas
of soil, support wire, and irrigation pipe close to the leaf boundary, Figure 6(b) evaluates background disturbance;
the accuracy loss for the suggested model is only 2.7 percentage points, while full-feature Random Forest loses
5.9 points. The performance with Gaussian picture noise is shown in Figure 6(c), and at a noise variance of 0.03,
the macro-F1 remains 91.2% [36].
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Figure 6. Robustness under greenhouse image disturbance. (a) Disease detection accuracy under illumination intensity variation. (b)
Performance degradation under complex greenhouse background. (c) Macro-F1 variation under image noise perturbation.
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These are the two categories of robustness. First, to lessen the influence of background pixels and restrict the
descriptor's computation region to symptomatic areas. Second, several descriptors that are susceptible to leaf
border artifacts or global brightness are eliminated via feature selection. The accuracy is 91.6% rather than 94.3%
in the absence of color constancy preprocessing. The chosen subset grows to 113 features when redundancy
suppression is turned off, but the accuracy falls to 92.7%; hence, increasing the number of features does not
always increase the differentiating capability for illness diagnosis [37].

Compactness and deployment efficiency are contrasted in Figure 7. The suggested model is 3.8 MB,
MobileNetV2 is 13.6 MB, and the full-feature Random Forest is 6.1 MB, as shown in Figure 7(a). The CPU
inference speed for a batch size of one is displayed in Figure 7(b); the suggested model can process 156 photos
per second on a desktop CPU and 41 images per second on a low-power edge board. The accuracy-efficiency
trade-off is shown in Figure 7(c), and when compared to other non-deep and lightweight deep baselines, the
suggested model is nearer the high-accuracy and low-latency region [38].

(b) Radar: Efficiency Comparison
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Figure 7. Model compactness and deployment efficiency comparison. (a) Model size comparison across classifiers. (b) CPU and edge-board
inference throughput. (c) Accuracy-efficiency trade-off under greenhouse deployment conditions.

The contributions of particular modules are also identified using ablation studies. Because many descriptors are
tainted by background and healthy leaves, excluding the extraction of lesion candidates lowers the accuracy to
91.9%. The macro-F1 drops to 91.8% when relevance ranking is removed and to 92.4% when redundancy
suppression is removed. The stability of category-level explanations is reduced by 23.7% when Random Forest
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significance input is eliminated. The suggested approach operates as an integrated pipeline rather than a single
classifier replacement in light of the findings [39].

Under different imaging settings, a model can be used to keep an eye on a greenhouse with a few diseases.
Compared to deep CNNs, the new method requires less training data and provides more understandable
feature-level explanations. When compared to SVMs and single decision trees, it exhibits good non-linear
separation and robustness. The primary shortcoming is that these handcrafted elements need to be adjusted
when new crops or unidentified illness symptoms emerge. For better adaptability under prolonged greenhouse
operation, future deployments may integrate the chosen-feature Random Forest with a lightweight lesion
segmentation network or incremental feature update [40].

Conclusion

In order to detect crop diseases in photos of greenhouse vegetables, this research suggests an explainable
feature selection Random Forest model. After extracting lesion-oriented color, texture, shape, border, and
contrast descriptors, the model uses relevance, redundancy, and tree-based importance to choose symptom-
sensitive features. The chosen feature subset is appropriate for an inexpensive greenhouse monitoring device
since it increases classification accuracy while lowering the number of features and inference cost.

To put it briefly, feature selection can be used to both improve the discrimination and interpretability of disease
data while reducing the number of dimensions. The suggested approach gives lesion color, texture density, edge
irregularity, and compactness attributes more weight while suppressing redundant and illumination-sensitive
descriptors. The category-level classification for outwardly comparable illnesses, including bacterial spot, early
blight, downy mildew, and leaf mold, is thus explained more intuitively.

As a kind of deep learning technique, Feature Selection Random Forest may not be appropriate in all situations
because it requires a bigger labelled dataset and is more computationally expensive than other methods. In the
upcoming work, a lightweight lesion segmentation module will be introduced, the multi-view greenhouse image
acquisition approach will be improved for better performance in difficult production scenarios, and incremental
learning will be used to support new disease categories.
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