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I. INTRODUCTION 

Sustaining high-efficiency global agriculture requires meticulous management of crop health and vitality. Plant growth is 

fundamentally dependent on an adequate supply of both primary nutrients (Nitrogen, Phosphorus, Potas- sium) and secondary 

elements. A shortage in any critical nutrient immediately impairs the plant’s physiological functions, leading to visible, quantifiable 

damage on the leaves, such as discoloration (chlorosis), dead tissue (necro- sis), or structural malformation. The ability to correctly 

identify and classify these deficiency symptoms at their earliest stages is paramount for effective, modern farm management. 

Historically, the diagnosis of nutrient stress has relied on two main approaches: the experience-based visual assessment by 

agronomists, or laboratory-based chemical analysis of plant tissue and soil samples. Both strategies suffer from significant 

drawbacks, including subjectivity, high operational cost, and, most critically, a time lag that prevents farmers from taking 

immediate corrective action, resulting in substantial yield loss and sometimes the unnecessary application of fertilizers. 

This paper presents a novel, autonomous diagnostic system that utilizes only digital images of the crop canopy. By applying 

sophisticated computer vision and supervised learning techniques, the system aims to provide an objective, rapid, and economical 

alternative to existing methods. The scope of this study is focused on: 

i) Developing a multi-stage process for image segmentation and feature extraction using standard Image Processing techniques. 

ii) Training and validating an efficient Random Forest classification model to accurately distinguish between six common nutrient 

deficiencies (N, P, K, Ca, S, Mg) and healthy foliage. 

iii) Evaluating the system’s performance metrics to con- firm its suitability for real-world precision agriculture applications. 

 

II. RELATED WORK 

The integration of computer vision into agricultural applications, widely known as Agri-Tech, has become a core research 

domain. Early studies primarily focused on simple color segmentation and morphological operations for general disease 

identification. However, contemporary research favors advanced methodologies, ranging from sophisticated feature-based 

classification to deep learning models. 

 

A. Feature-Engineered Classification 

Studies leveraging conventional machine learning algo- rithms (such as SVM, KNN, and Random Forest) are fun- damentally 

reliant on hand-crafted features. For instance, recent literature highlights the effectiveness of merging ba- sic color characteristics with 
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complex textural information, often derived from the Gray-Level Co-occurrence Matrix (GLCM), to achieve highly accurate 

classification of plant stress. These classical models are frequently preferred for their computational efficiency and superior model 

transparency compared to resource-intensive deep neural networks. The central challenge remains in ensuring the invariance and 

resilience of the feature set against highly variable real-world acquisition conditions, like inconsistent illumination and viewing 

angles. 

 

B. Deep Learning Paradigms 

The rise of powerful Convolutional Neural Networks (CNNs) offers an alternate route by automating the feature learning 

process. Architectures like VGG and ResNet have been adapted successfully for classifying various plant diseases and nutrient 

issues. While CNNs routinely report peak predictive accuracy, they come with substantial caveats: the prerequisite for vast, 

meticulously annotated datasets; high demands on computing power during training; and a lack of interpretability, which com- 

plicates practical advice delivery to end-users. Our chosen approach, utilizing a Random Forest model with carefully designed 

features, optimizes the trade-off between diagnostic performance, low computational cost, and inherent transparency, making it 

suitable for deployment on mobile or edge devices. 

 

III. DETAILED METHODOLOGY  

The operational design of the proposed system is logically structured into three consecutive phases: Data Preparation, 

Comprehensive Feature Engineering, and Supervised Machine Learning Classification. 

 

A.Data Acquisition and Preprocessing 

The training and validation dataset was aggregated from public repositories, including the CoLeaf-DB (fo- cused on coffee 

leaf deficiencies) and relevant images from the PlantVillage collection, which capture nutrient stress symptoms across various crops. 

Input images are RGB and labeled into seven classes: Healthy, Nitrogen (N), Phosphorus (P), Potassium (K), Calcium (Ca), 

Sulphur (S), and Magnesium (Mg). 

 

 
Figure 1. Conceptual Diagram of the System Architecture. 

 

The preprocessing stage is crucial for object isolation and feature standardization. 

(a) Resizing and Intensity Normalization: All input sam- ples are uniformly scaled to a standard resolution (e.g., 256 × 256 pixels). 

Pixel values are subsequently normalized (scaled to the [0, 1] range) to mitigate lighting inconsistencies. 

(b) Leaf Segmentation: The critical step involves accu- rately separating the leaf tissue from the background. This is achieved by 

utilizing color space thresholding, specifically converting to the Hue, Saturation, Value (HSV) domain to generate a binary 

mask for plant tissues. This mask is refined using morphological operations (erosion/dilation) to ensure precise boundary definition. 

 

B. Feature Engineering 

This stage quantifies the visual symptoms associated with nutrient stress into numerical features. 

1) Color Features: Since color change (chlorosis, dis- coloration) is the most immediate symptom, we compute nine fundamental 

statistical moments from the segmented Red, Green, and Blue (RGB) channels. These include the mean (µ), standard deviation 

(σ), and skewness (γ) for each channel. The mean is calculated as: 
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where Ic(i) is the intensity of channel c at pixel i, and N is the count of pixels in the segmented leaf. This yields a 9-

dimensional vector capturing the color distribution. 

2) Texture Metrics (GLCM): Texture analysis captures the localized spatial arrangement of pixels, which changes significantly 

due to tissue damage or irregular growth caused by nutrient deficits. The Gray-Level Co-occurrence Matrix (GLCM), P (i, j), 

is derived from the grayscale segmented leaf. We extract four established Haralick features: 

• Contrast (C): Measures the local pixel intensity variation, indicating roughness. 

 

 
• Homogeneity (H): Measures the closeness of the distribution to the GLCM diagonal, reflecting uni-tormity. 

 

• Energy (E): Measures the uniformity of the image pattern, being high for homogeneous images. 

 

 
• Correlation (Cor): Measures the linear statistical dependency between pixel pairs. 

 

 
These four features are averaged over four principal di- rections (0◦, 45◦, 90◦, 135◦) to achieve rotational stability, producing 

a final 4-dimensional texture vector. 

 

3) Boundary and Structural Features: Edge detection techniques quantify the structural integrity of the leaf, which is often 

distorted by advanced deficiencies (e.g., Calcium stress). 

• Canny Edge Count: The total number of pixels identified by the Canny detector is utilized as a feature, serving as a measure 

of the overall boundary complexity and the presence of fine structural dam- age. 

• Mean Sobel Magnitude: The Sobel operator is used to calculate the image intensity gradient. The mean magnitude of this 

gradient provides insight into the average intensity change across the image, often accentuating veins or sharp necrosis 

boundaries. 

The complete feature vector combines color (9), texture (4), and edge (2) metrics, resulting in a 15-dimensional input to 

the classifier. 

 

C. Classification Model Implementation 

The Random Forest (RF) algorithm was chosen for its known high resistance to overfitting, its capacity to manage high-

dimensional data, and its relatively fast inference time. RF is an ensemble method that constructs a multitude of decision trees during 

training and yields the final prediction through majority voting (mode of classes). This approach delivers robust predictive performance 

and model stability. The model is implemented using the Scikit-Learn library. 

 

IV.IMPLEMENTATION AND ALGORITHM FLOW 

The system was implemented as a methodical processing sequence, covering data ingestion, feature generation, and the 

core machine learning lifecycle. 

 

A. Software Stack and Architecture 

The environment operates entirely within Python, uti- lizing specialized, high-performance libraries: 

OpenCV (cv2): Essential for low-level image pro- cessing tasks, including color space transformations (e.g., RGB 

→ HSV), mask creation, scaling, and the application of edge detection operators (Canny, Sobel). 
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• Scikit-Image (skimage): Utilized for generating the Gray-Level Co-occurrence Matrix (GLCM) and the subsequent extraction 

of the complex textural fea- tures. 

• Scikit-Learn: The primary library for the ML pipeline, handling data stratification, model construction (Random Forest), 

optimization, and comprehensive performance assessment. 

• NumPy/Pandas: Used for core numerical computa- tions, array manipulation, and structuring the final feature matrix. 

 

Algorithmic Process 

The operational flow is executed in a strict, automated sequence: 

(1) Data Initialization: Load all image files and their corresponding deficiency labels (7 classes). 

(2) Feature Loop: For every image in the dataset, apply the following steps: 

• Apply HSV-based segmentation to isolate the leaf area, generating a mask. 

• Compute the 9 color features (mean, standard deviation, skewness). 

• Compute the 4 averaged GLCM texture features from the masked grayscale image. 

• Apply Canny and Sobel methods to derive the 2 structural features. 

• Concatenate the 15 calculated features into a single representative vector. 

(3) Training and Validation: The feature matrix is parti- tioned into an 80% Training set and a 20% Test set. The Random 

Forest model is instantiated, tuned, and trained exclusively on the training subset. 

(4) Evaluation: The trained classifier is used to predict the classes of the unseen test set, and its performance is assessed 

using key metrics (Accuracy, Precision, Recall, F1-Score). 

 

V.EXPERIMENTAL RESULTS AND ANALYSIS 

The trained Random Forest model demonstrated strong discriminatory capability across the seven classes based on the 

engineered feature set. The outcomes validate that the visual symptoms resulting from specific nutritional deficits can be reliably 

quantified and encoded through the combination of color, texture, and edge metrics. 

 

A. Classification Performance 

Table I provides a clear summary of the quantitative performance achieved by the Random Forest classifier on the 

independent test dataset. 

 

Table I Overall Performance Metrics of Random Forest Classifier 

Metric Value (%) Metric Value (%) 

Accuracy 94.5 Precision 94.2 

Recall 94.6 F1-Score 94.4 

 

The empirical result of 94.5% overall accuracy strongly supports the viability of our selected feature engineering approach. 

The high degree of congruence among Precision, Recall, and F1-Score indicates the model’s performance is both stable and balanced 

across the various deficiency classes. 

 

B. Feature Importance Ranking 

A key benefit of the Random Forest algorithm is its interpretability through feature importance analysis. The analysis of the 

trained model identified the most influential features: 

1) Mean of Green Channel (µG): Ranked highest, this confirms that the widespread loss of green pigment (chlorosis) is the most 

critical feature for diagnosing N and S deficiencies. 

2) GLCM Contrast (C): The second most important feature, demonstrating that changes in local inten- sity variance (texture) are 

vital for identifying the structural damage and necrosis linked to P and K deficits. 

3) Standard Deviation of Red Channel (σR): Highly use- ful for detecting the unique dark or reddish pigmen- tation changes 

characteristic of severe Phosphorus deficiency. 

This hierarchy confirms that the comprehensive feature fu- sion provides a robust, multi-faceted symptomatic profile necessary 

for fine-grained classification. 

 

C. Comparative Analysis 

The efficacy of the Random Forest model was fur- ther highlighted by comparing its performance against alternative, 

simpler classification methods (Table II). The RF approach clearly superior on this specific feature set, a result attributed to its 

ensemble methodology which significantly reduces predictive variance and improves generalization. 

 

VI.DETAILED CLASS-SPECIFIC RESULTS 

A refined analysis of the model’s performance for indi- vidual classes reveals consistent, high-fidelity classification across the 

spectrum of deficiencies (Table III). 

 

Table II Comparative Model Accuracy and Training Efficiency 

Model Training Time (s) Accuracy (%) 

Random Forest (RF) 8.5 94.5 
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Support Vector Machine 

(SVM) 

25.1 91.2 

K-Nearest Neighbor (KNN) 0.2 85.8 

 

A. Discussion of Diagnostic Fidelity 

The highly effective classification of Healthy leaves (> 98% F1-Score) is attributed to their low internal feature variance. 

A critical capability demonstrated is the ability to accurately separate Nitrogen (N) from Sulphur (S) deficiency. Although both 

present as chlorosis, the model successfully utilizes the subtle but distinct shift in the Green channel’s statistical distribution, 

reflecting the difference in which leaves (older vs. newer) are affected. Furthermore, the combination of high Texture Contrast and 

Edge Count was the defining factor for isolating Potassium (K) deficiency, which typically involves sharp, necrotic leaf margins, 

from the broader color shifts of other classes. This detailed performance confirms that the fusion of color, texture, and structural features 

is highly effective for a multi-class, fine-grained diagnostic task. 

 

Table III Detailed Classification Report (Precision, Recall, F1-Score by Class) 

Class Precision Recall F1-Score Primary Feature Indicator 

Healthy 0.98 0.99 0.98 Minimal color variance; smooth, low-contrast texture. 

Nitrogen (N) 0.95 0.94 0.94 Low Mean Green Channel Value (General 

senescence/chlorosis). 

Potassium (K) 0.92 0.91 0.91 Elevated Texture Contrast (Necrotic spotting/marginal 

damage). 

Magnesium (Mg) 0.93 0.94 0.93 Intermediate texture metrics (Interveinal chlorosis patterns). 

Phosphorus (P) 0.91 0.90 0.90 Lower Red Channel Skewness (Detection of purplish hue). 

Calcium (Ca) 0.94 0.96 0.95 High Canny Edge Count (Deformed, curling young leaf 

structure). 

Sulphur (S) 0.96 0.95 0.95 Specific mean shift in Green Channel (Chlorosis in new 

growth). 

 

VII.CONCLUSION 

This study successfully developed and validated an automated diagnostic system for six major nutritional deficiencies in 

crops using a combined approach of Image Processing and Machine Learning. By deploying a special- ized, hand-crafted feature set 

derived from detailed anal- ysis of color, texture, and boundary metrics, the Random Forest classifier achieved a robust and reliable 

performance with an overall accuracy of over 94.5%. This system offers a compelling, rapid, and economical alternative to manual 

and laboratory-based diagnostic protocols. The demonstrated efficiency and low computational overhead of this feature-based 

architecture make it ideally suited for implementation in practical, field-based settings, thereby significantly advancing the objectives 

of precision and sustainable agriculture by enabling early and targeted intervention. 

 

VIII.FUTURE SCOPE 

Future development of this system should focus on migrating the current prototype towards a commercial- grade 

application with extended capabilities: 

• Exploration of Deep Learning: Conduct rigorous com- parative testing with transfer learning models (e.g., fine-tuning 

MobileNet or EfficientNet) to potentially surpass the current accuracy and enhance robustness against complex, 

ambiguous, or compound deficiency symptoms. 

• Multi-Modal Data Fusion: Enhance the diagnostic accuracy by integrating the image-based features with external 

sensor data, such as real-time soil chemistry, ambient light, and environmental moisture readings. 
• Deployment and Scalability: Optimize the trained model using techniques like quantization or prun- ing (e.g., TensorFlow 

Lite integration) for seamless, low-latency deployment on mobile devices or edge computing units, enabling true real-time, in-

field diagnosis. 

• Actionable Recommendations: Develop a companion expert system that processes the model’s classification output and 

automatically generates specific, action- able fertilizer and treatment recommendations based on the diagnosed deficiency type 

and severity. 

• Video Analysis Capability: Extend the system’s in- put from static images to processing video streams captured by UAVs 

(drones) or fixed field cameras, allowing for large-scale, continuous crop health mon- itoring. 
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