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Abstract  
Plant diseases drastically decrease crop yield and quality, necessitating precise and early detection techniques. This paper presents 
Bio-PhantomNet, a new deep learning system, which uses biologically interpretable phantom biochemical fields to identify plant 
diseases in a variety of crops. The images of the leaves are pre-processed and factorized into the latent features of the chlorophyll 
degradation, lesion growth potential, and moisture/stress gradient, and reduced in size with the help of PCA to create compact 
feature vectors. These vectors are then fed into Bio-PhantomNet through fully connected layers, optional attention mechanisms, 
and then it is followed by a softmax classifier making disease predictions. From the Plant Village dataset, which contains 38 classes 
including apple, corn, grape, potato, tomato, and pepper, experimental tests were conducted on selected crops: pepper, tomato, and 
potato. The results show that Bio-PhantomNet achieves high accuracy in disease detection (99.97), precise (99.96), recall (99.95) 
and F1-score (99.95). The model is very robust, interpretable and reliable, and can thus be applied to real-world scenarios in 
precision agriculture and smart farming. 
 
Keywords: Plant Disease Detection, Early Diagnosis, Bio-PhantomNet, Biochemical Stress Mapping, 3D Convolutional Network, 
Disease Propagation Simulation, Precision Agriculture. 

 

1. Introduction  
One of the major impacts on world agriculture is the diseases of plants, which diminishes the production of 
crops and their quality to a large extent. It is important to realize these diseases early to avoid massive 
losses and secure food security [1]. The old disease detection systems, based on manual observation and 
examination by experts, are sometimes time-intensive, labour-intensive, and subject to human error, and 
therefore would be ineffective in large-scale or high-speed detection [2]. The use of technology, especially 
in image processing and machine learning and artificial intelligence, has created new opportunities in 
automated plant disease detection [3]. Such systems can detect the signs of disease at the initial stages 
before it may be too late and the extent of damage can be far-reaching by examining leaf pictures or machine 
testing of plant tissue [4]. Early detection does not only assist in timely intervention, but also, minimizes 
excessive use of pesticides which leads to sustainable and environmentally friendly farming methods [5]. 
Proper detection is also as important as early detection because improper diagnosis will result in 
inappropriate treatment and subsequent damage to crops. The current methods make use of deep learning 
models, spectral imaging, and sensor-based surveillance to maximize accuracy and dependability [6]. It 
becomes possible to use both early and accurate detection methods to apply effective disease management 
strategies, enhance the health of crops, and enhance the overall productivity, and therefore, the technologies 
are invaluable in the current agriculture [7]. Although a lot of advances have been made in automated plant 
disease detection, the current studies have a number of limitations [8]. Conventional image processing 
algorithms are usually based on manually designed features, including color, texture, and shape that cannot 
be applicable in different lighting environments, complex backgrounds, or overlapping foliage [9]. Machine 
learning methods such as SVM and random forests cannot be trained on small datasets and do not 
necessarily generalize to other crops and disease types [10]. CNNs and other deep learning models utilize 
high-computational resources and extensive annotated datasets to achieve high accuracy and thus are not 
as applicable to small-scale farmers [11]. Also, they have restricted their use to single-leaf images under 
controlled conditions, which is not useful in reality field situations with multiple leaves, occlusions, and 
environmental variations. 
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Early detection of plant diseases is a critical challenge in agriculture, as traditional image-based techniques 
primarily rely on visible symptoms and often overlook the underlying biochemical changes that occur 
during the initial stages of infection [12]. These limitations can delay intervention, reduce crop yield, and 
increase economic losses. To overcome these challenges, the proposed Bio-Phantom Leaf Neural Network 
(Bio-PhantomNet) introduces a physiologically informed approach by simulating a phantom biochemical 
reaction field over leaf surfaces. The model maps chlorophyll degradation, lesion growth potential, and 
moisture/stress gradients, while simulating disease stress propagation to generate a richer representation 
of leaf health. By integrating these latent biochemical stress patterns with advanced 3D convolutional 
attention networks, Bio-PhantomNet enables early and multi-disease detection, even for visually subtle 
infections. This approach not only improves the accuracy and reliability of plant disease diagnosis but also 
provides farmers and agronomists with a proactive tool for timely disease management and sustainable 
agricultural practices. 
 
1.1 Key contribution  
Following is the key contribution of the study,  
• To introduce phantom biochemical mapping that captures latent disease signals through multi-layer 
maps of chlorophyll degradation, lesion growth potential, and moisture/stress gradients. 
• To simulate virtual diffusion of disease stress across the leaf, generating dynamic 3D tensors that 
represent potential disease spread patterns. 
• To employ a 3D convolutional attention network to learn complex correlations between simulated stress 
patterns and disease types for accurate classification. 
• To enable early and multi-disease detection by identifying incipient or overlapping diseases that are 
visually subtle, improving plant health monitoring. 
The paper is organized as follows: Section 1 provides the overall introduction of the study.  Section 2 reviews 
related work in plant disease detection. Section 3 details the proposed Bio-PhantomNet methodology, 
including preprocessing, phantom biochemical mapping, and network design. Section 4 presents 
experimental setup and results. Section 5 concludes with future research directions. 
 

2. Literature review  
Some of the recent literatures related to the following tittle is discussed below,  
Trivedi et al. (2021) [13] was to identify tomato diseases by applying CNN to preprocess, segment, and 
reshape the image and refine the hyperparameters. Accuracy of the model was 98.49% using 3000 leaf 
images that included nine diseases and healthy leaves. The strategy favors farmers and helps them to 
identify any disease in its early stages, enhancing yield and quality of tomatoes. 
Bedi & Gole (2021) [14] described a hybrid Convolutional Autoencodor (CAE) + CNN to identify plant 
disease, which was experimented on a bacterial spot peach leaf. On the PlantVillage dataset, the system has 
99.35% training accuracy and 98.38% testing accuracy using fewer parameters, which takes less time to 
train than current methods. 
Jadhav et al. (2021) [15] presented a transfer learning method with AlexNet and GoogleNet CNNs on 
detecting soybean disorders. The models were trained with 649 diseased samples and 550 healthy samples, 
which resulted in the models having 98.75 and 96.25 accuracy, respectively. It was demonstrated that 
results were better than traditional pattern recognition techniques. 
Zhao et al. (2021) [16] suggested a CNN that has attention modules and residual blocks in order to classify 
tomato leaf disease. The model reached 96.81 percent accuracy on tomato datasets and 99.24 percent on 
grape datasets, which is efficient in extracting complex features using fewer parameters and with high real-
time operation. 
Chowdhury et al. (2021) [17] suggested EfficientNet was used to detect tomato leaf disease using U-Net and 
Modified U-Net. The model had a maximum accuracy of 99.95 in binary classification and 99.89 in ten-class 
classification with a total of 18,161 images. Segmentation enhanced performance which established the 
usefulness of deep networks in processed images. 
Islam et al. (2021) [18] came up with a CNN-based technique of detecting four common paddy diseases and 
healthy leaves. Deep learning was proven to have the potential to diagnose paddy disease, with the highest 
accuracy of 92.68 with Inception-ResNet-V2 and the other models tested including VGG-19, ResNet-101, 
Xception, and Inception-ResNet-V2. 
Pratapagiri et al. (2021) [19] suggested, early leaf disease detection with the help of CNN and transfer 
learning was highlighted. They prepared pre-trained models and used them in successfully classifying 
multiple fruit plants using the datasets of the PlantVillage. The motive of the approach was to assist 
smallholder farmers in identifying the disease fast, easily, and with great accuracy using computer vision. 
Kabir et al. (2021) [20] came up with a multi-plant disease detection model based on CNN, which was able 
to classify diseases on tomato, potato, rice, corn, grape, and apple leaf. Multi-label classification tasks were 
best done by DenseNet and Xception. The technique focused on the diagnostic functions of CNN models in 
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multi-plant disease. Following table 1 shows the Comparative Analysis of Deep Learning Models for Leaf 
Disease Detection Across Various Crops.  
 
Table 1: Comparative Analysis of Deep Learning Models for Leaf Disease Detection Across Various 

Crops 
Author(s) Dataset Method/Model Accuracy Limitation 
Trivedi et al. 
(2021) 

3,000 tomato leaf 
images (9 diseases + 
healthy) 

CNN with 
preprocessing & 
segmentation 

98.49% Focused only on tomato 
leaves, lacks cross-plant 
generalization 

Bedi & Gole 
(2021) 

PlantVillage (peach 
leaves) 

Hybrid model (CAE + 
CNN) 

99.35% train, 
98.38% test 

Tested only on peach 
disease; broader 
applicability not validated 

Jadhav et al. 
(2021) 

649 diseased & 550 
healthy soybean 
leaves 

Transfer learning 
(AlexNet, GoogleNet) 

98.75% (AlexNet), 
96.25% (GoogleNet) 

Limited dataset size; only 
three soybean diseases 

Zhao et al. 
(2021) 

Tomato & grape leaf 
datasets 

CNN with residual 
blocks + attention 

96.81% (tomato), 
99.24% (grape) 

Higher complexity; requires 
more computation 

Chowdhury et 
al. (2021) 

18,161 tomato leaf 
images 

U-net + EfficientNet 
(B4/B7) 

99.95% (binary), 
99.12% (six-class), 
99.89% (ten-class) 

Requires large dataset; 
training deeper networks is 
resource-intensive 

Islam et al. 
(2021) 

Paddy leaf dataset (4 
diseases + healthy) 

CNN models (VGG-19, 
ResNet-101, Xception, 
Inception-ResNet-V2) 

92.68% (best: 
Inception-ResNet-
V2) 

Accuracy lower than 
tomato/cross-plant studies 

Pratapagiri et 
al. (2021) 

PlantVillage (various 
fruit leaves) 

Transfer learning with 
CNN 

Not explicitly stated 
(high) 

Accuracy results not clearly 
reported; depends on 
pretrained models 

Kabir et al. 
(2021) 

Multi-plant (tomato, 
potato, rice, corn, 
grape, apple) 

CNN with multi-label 
classification 
(Xception, DenseNet) 

Not numerically 
stated (better 
performance than 
others) 

No exact accuracy reported; 
model complexity may limit 
real-time use 

 
2.1 Problem statement  
Plant diseases significantly reduce crop yield and quality, posing a serious threat to global food security and 
the agricultural economy. Traditional disease detection techniques, such as visual inspection by experts or 
standard image-based classification models, often fail to identify early-stage infections or overlapping 
diseases due to their reliance on visible symptoms alone. Many deep learning approaches, while effective 
on large datasets, struggle to capture latent biochemical changes in leaves that indicate incipient disease, 
limiting their real-world applicability for timely intervention. 
 

3. Proposed model  
Bio-PhantomNet is a new deep learning model that is proposed to detect latent biochemical cues of the 
early and accurate detection of the existence of plant disease. The difference with traditional CNNs is that 
it breaks down RGB leaf images into phantom biochemical fields (chlorophyll degradation, lesion growth 
potential, and moisture/stress gradients) that encode subtle physiological patterns of stress not resolvable 
by the human eye. Such phantom maps that are multi-layered are then optionally compressed using PCA, 
fully connected layers, and feature attention to emphasize key disease indicators. The last softmax will 
result in the prediction of disease probabilities of various crops. Bio-PhantomNet is an interaction of the 
biological interpretability, robustness, and high classification accuracy, which is a reliable solution in 
monitoring plant health. 
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Figure 1: Overall architecture of the proposed model 

 
Figure 1 shows the Bio-PhantomNet model follows a structured workflow for early and accurate plant 
disease detection. The process begins with data acquisition, where leaf images are collected from diverse 
crops, including healthy and diseased samples. Next, the pre-processing phase normalizes the images, 
resizes them, and applies augmentation techniques like rotation, flipping, and scaling to enhance model 
robustness. Following this, phantom biochemical mapping decomposes RGB images into biologically 
interpretable latent fields chlorophyll degradation, lesion growth potential and moisture/stress gradients. 
These phantom maps are then transformed into feature vectors and undergo dimensionality reduction via 
PCA to eliminate redundancy and retain discriminative patterns, producing compact vectors. The reduced 
features are passed to a Bio-PhantomNet along with fully connected layers with an optional attention 
mechanism to emphasize key disease indicators. Finally, a softmax classifier generates probability 
distributions over 38 plant disease classes, enabling precise, interpretable, and reliable disease 
classification.  
 
3.1Data collection   
The Plant Village dataset on Kaggle is a widely used collection of plant leaf images, comprising over 54,000 
labeled samples across 38 disease categories from three main crops: pepper, tomato, and potato. The 
images are organized into folders corresponding to each disease class and include both healthy and infected 
leaves. To improve model robustness and simulate real-world conditions, data augmentation techniques 
such as scaling, rotation, noise injection, gamma correction, image flipping, and PCA color augmentation 
are applied. This diversity allows for versatile training and testing of disease detection models. The dataset 
is freely available under the Creative Commons CC0 1.0 license and can be accessed using the following 
link, https://www.kaggle.com/datasets/emmarex/plantdisease.  
 
3.2Pre-processing  
Pre-processing ensures raw leaf images are uniformly prepared for learning. Images are resized to a fixed 
resolution, normalized to stabilize pixel intensities, and augmented using rotation, shifts, zoom, flips, and 
shear. This enhances variability, reduces overfitting, and provides the model with robust, balanced, and 
transformation-invariant plant disease recognition inputs. 
Resize (R): Maps input from (𝐻, 𝑊) to (ℎ, 𝑤) using bilinear/bicubic interpolation. Moreover, it can be 
mathematically expressed using eqn. (1), 
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𝑅: (𝑢, 𝑣) → (𝑢′ =
𝑤

𝑊
𝑢, 𝑣′ =

ℎ

𝐻
𝑣)           (1) 

so, the resized image 𝑥𝑟𝑒𝑠 satisfies the following expression as given in eqn. (2),  
𝑥𝑐

𝑟𝑒𝑠(𝑢′, 𝑣′) = 𝐼(𝑥𝑐(𝑢, 𝑣))            (2) 
Ensures uniform input size for the network while preserving key structures.  
Normalization (N): Pixel values are scaled to [0,1] or standardized using eqn. (3),  

𝑥𝑐
𝑠𝑐𝑎𝑙𝑒𝑑 =

𝑥𝑐

255
             (3) 

Standardize per-channel (recommended) using dataset mean 𝜇𝑐 and std 𝜎𝑐  and it is mathematically 
expressed using eqn. (4),  

𝑥𝑐
𝑛𝑜𝑟𝑚(𝑢, 𝑣) =

𝑥𝑐
𝑠𝑐𝑎𝑙𝑒𝑑(𝑢,𝑣)−𝜇𝑐

𝜎𝑐
          (4) 

This improves convergence and stabilizes gradients. For Plant Village 𝜇𝑐 , 𝜎𝑐 has been computed  from the 
training set, or use ImageNet means (0.485,0.456,0.406) and stds (0.229,0.224,0.225) if pretrained 
backbones are used.  
Geometric augmentations as affine transforms: Each augmentation can be written as a 3×3 
homogeneous affine matrix acting on coordinates 𝑝. Compose transforms by matrix multiplication (right-
to-left order if you apply last-to-first). 
(a) Rotation by angle θ (radians) 
Rotation matrix about the image center and it helps model learn orientation-invariant features. To rotate 
about center, translate center to origin, rotate, translate back. Affine transform rotates image around its 
center and the combined homogeneous rotation is given in eqn. (5),  

𝑇𝑟𝑜𝑡 = [
1 0 𝑐𝑥

0 1 𝑐𝑦

0 0 1

] [
𝑐𝑜𝑠𝜃 −𝑠𝑖𝑛𝜃 0
𝑠𝑖𝑛𝜃 𝑐𝑜𝑠𝜃 0

0 0 1
] [

1 0 −𝑐𝑥

0 1 −𝑐𝑦

0 0 1

]           (5) 

Let 𝑐𝑥 =
𝑤−1

2
, 𝑐𝑦 =

ℎ−1

2
. For rotation 30°, 𝜃 = 30° = 𝜋/6. 

(b) Translation (width shift 𝒕𝒙, height shift 𝒕𝒚): Shifts image by fractions 𝛼𝑤, 𝛼ℎ  of width/height and also 

it improves robustness to object displacement. Moreover, it is mathematically expressed using eqn. (6), 

𝑇𝑡𝑟𝑎𝑛𝑠 = [
1 0 𝑡𝑥

0 1 𝑡𝑦

0 0 1

]              (6) 

where 𝑡𝑥 ∈ [−𝛼𝑤𝑤, 𝛼𝑤𝑤] and 𝑡𝑦 ∈ [−𝛼ℎℎ, 𝛼ℎℎ]for shift fractions 𝛼𝑤, 𝛼ℎ  (e.g., 0.1–0.2). 

(c) Scaling (zoom) by 𝒔𝒙, 𝒔𝒚 

Scales image about center with factor 𝑠 ∈ [0.8,1.2] and this allows model to generalize across different leaf 
sizes and it is mathematically expressed using eqn. (7),  

𝑇𝑠𝑐𝑎𝑙𝑒 = [
1 0 𝑐𝑥

0 1 𝑐𝑦

0 0 1

] [
𝑠𝑥 0 0
0 𝑠𝑦 0

0 0 1

] [
1 0 −𝑐𝑥

0 1 −𝑐𝑦

0 0 1

]          (7) 

For isotropic zoom use 𝑠𝑥 = 𝑠𝑦 = 𝑠 with 𝑠 ∈ [1 − 𝑧, 1 + 𝑧] (e.g., 𝑧 = 0.2 yields zoom 0.8–1.2). 

(d) Horizontal / vertical flip: Horizontal flip matrix about vertical center and it is mathematically 
expressed using eqn. (8), and the mathematical expression for Vertical flip matrix is given in eqn. (9),  

𝑇ℎ𝑓𝑙𝑖𝑝 = [
−1 0 𝑤 − 1
0 1 0
0 0 1

]            (8) 

𝑇𝑣𝑓𝑙𝑖𝑝 = [
1 0 0
0 −1 ℎ − 1
0 0 1

]            (9) 

Apply flips probabilistically (e.g., 𝑝 = 0.5). Reflection across vertical axis 𝑇ℎ𝑓𝑙𝑖𝑝  and also it handles symmetry 

and prevents bias toward one leaf orientation. Reflection across horizontal axis 𝑇𝑣𝑓𝑙𝑖𝑝  and it adds limited 

invariance for leaves hanging differently. 
(e) Shear by angle 𝝓 (x-shear): Affine shear along x-axis using 𝑇𝑠ℎ𝑒𝑎𝑟  and simulates leaf deformation and 
improves robustness. Shear along x is mathematically expressed using eqn. (10), 

𝑇𝑠ℎ𝑒𝑎𝑟 = [
1 𝑡𝑎𝑛 𝜙 0
0 1 0
0 0 1

]           (10) 

Furthermore, compose transforms into one affine matrix to apply rotation, shear, scale, translation together 
and it is mathematically expressed using eqn. (11),  
𝑇𝑎𝑓𝑓𝑖𝑛𝑒 = 𝑇𝑡𝑟𝑎𝑛𝑠𝑇𝑠𝑐𝑎𝑙𝑒𝑇𝑟𝑜𝑡𝑇𝑠ℎ𝑒𝑎𝑟             (11) 

For each output pixel location 𝑝′ sample input coordinate 𝑝 = 𝑇𝑎𝑓𝑓𝑖𝑛𝑒
−1 𝑝′ and set as per eqn. (12), 

𝑥𝑐
𝑎𝑢𝑔(𝑢′, 𝑣′) = 𝐼(𝑥𝑐(𝑢, 𝑣)), (𝑢, 𝑣) = 𝑇𝑎𝑓𝑓𝑖𝑛𝑒

−1 (𝑢′, 𝑣′ , 1)1:2
𝑇               (12) 

In the Randomized augmentation operator 𝐴, following eqn. (13) shows the definition of augmentation as 
a random operator. 
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𝐴(. ) = {
𝐴𝑝𝑝𝑙𝑦 𝑇𝑎𝑓𝑓𝑖𝑛𝑒  𝑤𝑖𝑡ℎ 𝑝𝑎𝑎𝑟𝑚𝑠 𝑠𝑎𝑚𝑝𝑙𝑒𝑑 𝑓𝑟𝑜𝑚 𝛺 𝑤𝑖𝑡ℎ 𝑝𝑟𝑜𝑏 𝑝𝑔𝑒𝑜

𝑖𝑑𝑒𝑛𝑡𝑖𝑡𝑦 𝑤𝑖𝑡ℎ 𝑝𝑟𝑜𝑏 1 − 𝑝𝑔𝑒𝑜
        (13) 

In the augmentation process, the parameter space Ω defines the random transformations applied to each 
input sample. Rotation angles θ are sampled uniformly from −30° to +30°, while width and height shifts 
(αw, αh) are chosen from −0.1 to 0.1 of the image dimensions. Zoom factors s are drawn from the range [0.8, 
1.2], and shear angles ϕ are selected uniformly between −10° and +10°. In addition, horizontal flips are 
applied with a probability of 0.5, and vertical flips with a probability of 0.2 to balance realism. Each image 
undergoes a unique combination, enriching dataset diversity. Finally, the overall expression by combining 
the resize, augmentation, and normalization can be given in eqn. (14),  

𝑥′ = 𝑁(𝐴(𝑅(𝑥)))        (14) 

Here, 𝑅 is deterministic resize, 𝐴 is randomized composite affine + optional flips, and 𝑁 is per-channel 
scaling/standardization. 
 

          

          

          

          

          
Figure 2 (a)-(e): Illustration of Pre-Processing and Augmented Leaf Samples (a) Pepper bell 

bacterial spot (b) Pepper bell healthy (c) Potato early blight (d) Potato healthy (e) Potato late 
blight 

 
Figure 2 (a)-(d) demonstrates the results of the pre-processing and data augmentation applied to the 
PlantVillage leaf samples. The pre-processing steps, including resizing and normalization, ensure uniform 
input dimensions and consistent illumination. The augmentation techniques, such as rotation, shifting, 
zooming, flipping, and shearing, enhance image diversity by introducing geometric variations. This 
improves the model’s robustness, enabling it to better generalize and accurately detect plant diseases 
across varying environmental and visual conditions. 
 
3.3Feature extraction  
The goal of feature extraction is to extract latent biochemical markers of visible leaf images imitating the 
process by which agronomists detect visible signs of plant stress. The proposed Virtual Biochemical Stress 
Mapping (VBSM) architecture divides the images in RGB into three phantom channels: (i) chlorophyll 
degradation, (ii) lesion growth potential, and (iii) moisture/stress gradients. Such phantom layers are 
surrogate feature channels that encode color, shape and texture biomarkers of disease.  
Virtual Biochemical Mapping Operator: Given an input RGB leaf image 𝑥 ∈ 𝑅ℎ×𝑤×3, the transformation 
operator 𝑉 generates a set of phantom biochemical fields and it is mathematically expressed using eqn. 
(15),  
𝛷 = 𝑉(𝑥) = {𝛷𝑐ℎ𝑙 , 𝛷𝑙𝑒𝑠, 𝛷𝑚𝑜𝑖𝑠}             (15)  
Here, 𝛷𝑐ℎ𝑙  represents the chlorophyll degradation layer (color-based pigment loss), 𝛷𝑙𝑒𝑠  denotes the lesion 
growth potential field (shape/spread of infection) and 𝛷𝑚𝑜𝑖𝑠  is the moisture/stress gradient field (texture 
variations). These phantom fields serve as intermediate disease-sensitive representations. 
Chlorophyll Degradation Layer:  The chlorophyll degradation layer is a quantification of the pigment loss 
as a result of infection. Leaves that are diseased have decreased greenness (chlorosis). This is based on a 
Color Decay Index (CDI) based on green to red ratios and it is mathematically expressed using eqn. (16),  

𝛷𝑐ℎ𝑙(𝑢, 𝑣) =
𝐺(𝑢,𝑣)

𝑅(𝑢,𝑣)+𝜖
              (16) 
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Here, 𝐺(𝑢, 𝑣) representing the green channel intensity at pixel (𝑢, 𝑣), 𝑅(𝑢, 𝑣) defines the red channel 
intensity at pixel (𝑢, 𝑣), 𝜖 is a small stabilizing constant to avoid division by zero. The green-to-red intensity 
ratio detects early pigment breakdown, indicating chlorophyll health and revealing discoloration before 
visible necrosis appears. 
Lesion Growth Potential Field: The lesion growth potential field captures the irregular expansion of 
infected regions, typically seen as necrotic spots or fungal lesions. It uses gradient divergence of image 
edges and it is mathematically expressed using eqn. (17),  
𝛷𝑙𝑒𝑠(𝑢, 𝑣) = 𝛻. (‖𝛻𝐼(𝑢, 𝑣)‖2)              (17) 
Here, 𝐼(𝑢, 𝑣) is the intensity at pixel (𝑢, 𝑣) e.g. grayscale or luminance channel, 𝛻𝐼 is the spatial image 
gradient (magnitude + direction) and 𝛻. defines the divergence operator, measuring spread of gradient flow. 
Edge intensity and curvature identify sharp lesion boundaries, while radial expansion patterns with higher 
divergence indicate aggressive disease progression. 
Moisture/Stress Gradient Field: The moisture/stress field models localized dryness or wilting caused by 
disease. It is computed as local variance in pixel intensity within a neighbourhood window 𝛺 and it is 
mathematically expressed using eqn. (18),  

𝛷𝑚𝑜𝑖𝑠(𝑢, 𝑣) =
1

|𝛺|
∑ (𝐼(𝑖, 𝑗) − 𝜇𝛺)2

(𝑖,𝑗)∈𝛺             (18)  

Here, 𝐼(𝑖, 𝑗) defines the pixel intensity within local window, 𝜇𝛺 is the mean intensity in 𝛺, |𝛺| is the number 
of pixels in window. Local variance and texture roughness reveal stress; micro-texture changes detect early 
dryness before visible lesions or large-scale tissue damage. 
Multi-Layer Phantom Map: The phantom layers are stacked into a composite cube and it is mathematically 
expressed using eqn. (19),  
𝛷(𝑢𝑣, ) = [𝛷𝑐ℎ𝑙(𝑢, 𝑣), 𝛷𝑙𝑒𝑠(𝑢, 𝑣), 𝛷𝑚𝑜𝑖𝑠(𝑢, 𝑣)]              (19) 
The extracted features form a 3-channel biochemical tensor analogous to RGB, encoding chlorophyll color, 
lesion shape, and moisture texture. This tensor feeds Bio-PhantomNet, ensuring biologically interpretable 
disease classification. 
 
3.4Dimensionality reduction using PCA 
The phantom biochemical maps 𝛷𝑐ℎ𝑙 , 𝛷𝑙𝑒𝑠 , 𝛷𝑚𝑜𝑖𝑠are high-dimensional and partially redundant. To avoid 
overfitting and improve interpretability, feature selection is applied. This consists of (i) dimensionality 
reduction and (ii) relevance filtering via phantom attention.  
Given n leaf samples, each represented by a d-dimensional feature vector extracted from phantom maps, 
and it can be defined in eqn. (20), 
𝑍 ∈ 𝑅𝑛×𝑑                   (20) 
Where 𝑍 contains stacked features such as chlorophyll ratios, lesion divergence, and texture variances. 
Since 𝑑 can be large, we project them into a lower-dimensional subspace using Principal Component 
Analysis (PCA) and it is expressed using eqn. (21),  
𝑍𝑝𝑐𝑎 = 𝑍𝑊𝑘              (21) 

Here 𝑊𝑘  contains the top- 𝑘 eigenvectors of the covariance matrix and the mathematical expression for 
covariance matrix is given in eqn. (22),  

𝛴 =
1

𝑛
𝑍𝑇𝑍              (22) 

Original phantom fields: color indices, gradient-based lesion descriptors, texture variances. PCA 
compresses these into uncorrelated principal components that preserve maximum variance. Moreover, the 
function of PCA in this study is to remove redundancy among phantom features (e.g., overlapping 
information between chlorophyll and moisture indices), to reduce computational complexity for Bio-
PhantomNet and to capture the most disease-discriminative variance in fewer dimensions. 
 
3.5Classification  
Bio-PhantomNet is a new deep learning architecture that can learn to detect plant diseases at early stages 
and with high accuracy using phantom biochemical fields. It unlike traditional CNNs breaks down RGB leaf 
images into latent biochemical predictors of chlorophyll degradation, lesion growth potential and 
moisture/stress gradients, which reflect subtle patterns of physiological stress. These multi-layer phantom 
maps can be dimensionality-reduced using PCA or handled directly with a multi-stream CNN, then fused 
and processed through both fusion and attention modules highlighting regions of the image that are 
particularly important to disease. The last softmax layer also provides the probability of the classes of 
various plant diseases. Bio-PhantomNet has biologically interpretable properties, high precision and 
capability to tolerate changes in leaf orientation, lighting and texture. After phantom feature extraction and 
dimensionality reduction via PCA, each leaf sample is represented as a compact feature vector and it is 
mathematically expressed using eqn. (23),  
𝑍𝑝𝑐𝑎 ∈ 𝑅𝑘                 (23) 
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Here, 𝑘 is the number of principal components selected from phantom features. Each component encodes 
disease-relevant biochemical patterns (chlorophyll degradation, lesion spread, moisture stress).  
Feature Encoding via Fully Connected Layers: This step allows the network to capture non-linear 
combinations of phantom features that are highly discriminative for different disease classes. The PCA 
vector is transformed into a latent space for classification and it is mathematically expressed using eqn. 
(24),  
𝐹 = 𝜎(𝑊𝑓𝑐𝑍𝑝𝑐𝑎 + 𝑏𝑓𝑐)             (24) 

Where, 𝐹 ∈ 𝑅𝑑′
 is the encoded feature vector, 𝑊𝑓𝑐 ∈ 𝑅𝑑′×𝑘, 𝑏𝑓𝑐 ∈ 𝑅𝑑′

 are the learnable parameters, 𝜎(. ) is 

the nonlinear activation (ReLU).  
Optional Feature Attention: This allows the model to prioritize features linked to critical disease 
indicators like lesions, discoloration, or stress zones. To emphasize the most disease-relevant components 
and it is mathematically represented using eqn. (25), 
𝐹̃ = 𝛼⨀𝐹              (25) 

Where, 𝛼 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝑎𝐹 + 𝑏𝑎), 𝛼 ∈ ℝ𝑑′
is the attention weights, 𝑊𝑎 , 𝑏𝑎 are the learnable attention 

parameters, ⨀ is the element-wise multiplication.  

 
Figure 3: Architecture of Bio-PhantomNet 

 
Softmax Classification: Finally, the disease class probabilities are predicted using a softmax layer and it is 
mathematically expressed using eqn. (26),  

𝑦̂ = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝑐𝐹̃) + 𝑏𝑐            (26) 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml     International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.10s, 2026                                                                                                                                        1090 

Where, 𝑦̂ ∈ 𝑅𝐶  is the probability vector over 𝐶plant disease classes, 𝑊𝑐 ∈ 𝑅𝐶×𝑑′
, 𝑏𝑐 ∈ 𝑅𝐶  defines learnable 

classifier parameters. The class with the highest probability is selected as the predicted disease has been 
mathematically expressed using eqn. (27),  
𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑐𝑙𝑎𝑠𝑠 = 𝑎𝑟𝑔 𝑚𝑎𝑥

𝑖
𝑦̂𝑖           (27) 

The entire process from PCA features to predicted disease can be summarized using eqn. (28),  

𝑦̂ = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝑐 . (𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (𝑊𝑎 . 𝜎(𝑊𝑓𝑐𝑍𝑝𝑐𝑎 + 𝑏𝑓𝑐) + 𝑏𝑎)⨀𝜎(𝑊𝑓𝑐𝑍𝑝𝑐𝑎 + 𝑏𝑓𝑐)) + 𝑏𝑐)      (28) 

This equation captures PCA feature input (𝑍𝑝𝑐𝑎) representing latent biochemical indicators, Feature 

encoding through fully connected layers (𝐹), Attention weighting to prioritize critical features (𝛼), Final 
softmax layer producing disease class probabilities (𝑦̂).  
Bio-PhantomNet outputs a probability vector 𝑦̂ over 𝐶disease classes, including both diseased and healthy 
leaves across multiple crops. The predicted disease type is determined as Predicted Class = 𝑎𝑟𝑔 𝑚𝑎𝑥𝑖 𝑦̂𝑖 , 
where 𝑖 maps to a specific disease or healthy label, e.g., Tomato Early Blight, Apple Scab, or Corn Northern 
Leaf Blight. The dataset includes 38 classes of plant leaves across crops such as apple, corn, grape, potato, 
tomato, and pepper. Each class represents a specific disease or healthy condition, e.g., Apple Scab, Corn 
Northern Leaf Blight, Tomato Early Blight, or Healthy, enabling Bio-PhantomNet to classify multiple 
diseases accurately.  
Bio-PhantomNet processes plant leaf images by first extracting phantom biochemical features (chlorophyll 
degradation, lesion spread, and moisture/stress gradients) and reducing their dimensionality using PCA, 
resulting in the input layer 𝑍𝑝𝑐𝑎 ∈ ℝ𝑘(Eqn. 23). The Dense / Fully Connected Layer encodes these features 

into a latent representation 𝐹, capturing non-linear interactions among biochemical indicators that are 
highly discriminative for different diseases (Eqn. 24). An optional attention layer further refines the 
representation by weighting feature components according to their disease relevance, producing 𝐹̃(Eqn. 
25), which emphasizes critical regions such as lesions or discoloration zones. A dropout layer can be applied 
to prevent overfitting by randomly masking a portion of features during training. The softmax layer 
converts 𝐹̃into class probabilities 𝑦̂ for all plant disease categories (Eqn. 26). Finally, the decision layer 
selects the disease with the highest probability as the predicted class (Eqn. 27). Figure 3 ensures 
biologically interpretable, robust, and accurate classification across multiple crops and disease types. 
 

Algorithm 1: Bio-PhantomNet Plant Disease Classification 

Input:  

    𝑥 ← Input RGB leaf image (H × W × 3) 

Output: 

    ŷ ← Predicted plant disease class label 

Step 1: Preprocessing 

1.1 Resize input image to fixed size (h, w) 

        𝑅: (𝑢, 𝑣) → (𝑢′ =
𝑤

𝑊
𝑢, 𝑣′ =

ℎ

𝐻
𝑣)           (Eq. 1) 

        𝑥𝑐
𝑟𝑒𝑠(𝑢′, 𝑣′) = 𝐼(𝑥𝑐(𝑢, 𝑣))                     (Eq. 2) 

1.2 Normalize image pixels to [0,1] or standardize channels 

        𝑥𝑐
𝑠𝑐𝑎𝑙𝑒𝑑 =

𝑥𝑐

255
                             (Eq. 3) 

        𝑥𝑐
𝑛𝑜𝑟𝑚(𝑢, 𝑣) =

𝑥𝑐
𝑠𝑐𝑎𝑙𝑒𝑑(𝑢,𝑣)−𝜇𝑐

𝜎𝑐
    (Eq. 4) 

1.3 Apply random geometric augmentations 

        (a) Rotation:           𝑇𝑟𝑜𝑡          (Eq. 5) 

        (b) Translation:        𝑇𝑡𝑟𝑎𝑛𝑠         (Eq. 6) 

        (c) Scaling (Zoom):     𝑇𝑠𝑐𝑎𝑙𝑒       (Eq. 7) 

        (d) Horizontal Flip:    𝑇ℎ𝑓𝑙𝑖𝑝         (Eq. 8) 

        (e) Vertical Flip:      𝑇𝑣𝑓𝑙𝑖𝑝        (Eq. 9) 

        (f) Shear:              𝑇𝑠ℎ𝑒𝑎𝑟             (Eq. 10) 

        Compose affine transform: 

            𝑇𝑎𝑓𝑓𝑖𝑛𝑒 = 𝑇𝑡𝑟𝑎𝑛𝑠𝑇𝑠𝑐𝑎𝑙𝑒𝑇𝑟𝑜𝑡𝑇𝑠ℎ𝑒𝑎𝑟        (Eq. 11) 

        Apply randomized augmentation: 

xc
aug(u′, v′) = I(xc(u, v)), (u, v) = Taffine

−1 (u′, v′, 1)1:2
T   (Eq. 12) 

        Define augmentation operator: 
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A(. ) = {
Apply Taffine with paarms sampled from Ω with prob pgeo

identity with prob 1 − pgeo
  (Eq. 13) 

        Final pre-processed output: 

            x′ = N(A(R(x)))                               (Eq. 14) 

Step 2: Virtual Biochemical Stress Mapping (VBSM) 

2.1 Generate phantom biochemical fields from x': 

Φ = V(x) = {Φchl, Φles, Φmois}                 (Eq. 15) 

2.2 Chlorophyll degradation layer: 

Φchl(u, v) =
G(u,v)

R(u,v)+ϵ
              (Eq. 16) 

2.3 Lesion growth potential field: 

Φles(u, v) = ∇. (‖∇I(u, v)‖2)                     (Eq. 17) 

2.4 Moisture/stress gradient field: 

Φmois(u, v) =
1

|Ω|
∑ (I(i, j) − μΩ)2

(i,j)∈Ω       (Eq. 18) 

2.5 Stack all phantom layers into composite cube: 

Φ(uv, ) = [Φchl(u, v), Φles(u, v), Φmois(u, v)]              (Eq. 19) 

Step 3: Dimensionality Reduction using PCA 

3.1 Represent features from n samples as matrix: 

Z ∈ Rn×d                                        (Eq. 20) 

3.2 Compute covariance matrix: 

Zpca = ZWk                                 (Eq. 22) 

3.3 Project onto top-k eigenvectors of Σ: 

Σ =
1

n
ZTZ                                    (Eq. 21) 

Step 4: Feature Encoding and Attention 

4.1 Encode PCA-reduced features using fully connected layer: 

F = σ(WfcZpca + bfc)                         (Eq. 24) 

4.2 Apply attention mechanism for feature weighting: 

        α =  Softmax(Wa ∗  F +  ba) 

F̃ = α⨀F                                          (Eq. 25) 

Step 5: Classification using Softmax 

5.1 Predict disease class probabilities: 

ŷ = Softmax(WcF̃) + bc                       (Eq. 26) 

5.2 Determine final class label: 

Predicted class = arg max
i

ŷi                    (Eq. 27) 

Step 6: Overall Functional Expression 

ŷ = Softmax(Wc. (Softmax (Wa. σ(WfcZpca + bfc) + ba)⨀σ(WfcZpca + bfc)) + bc) (Eq. 28) 

Step 7: Optional Post-Processing and Confidence Handling 

7.1 Probability Thresholding (Optional) 

For uncertain predictions, define a confidence threshold τ: 

If max
i

(ŷi) < τ,mark as low-confidence / request review 

7.2 Top-k Class Analysis (Optional) 

Return top-k likely disease classes: 

Top-k Classes = argsort(ŷ)[−k: ] 

7.3 Attention Visualization (Optional) 

Map attention weights αonto the leaf image for interpretability: 

Attention Map = F̃ ⋅ Image Overlay 

Step 8: Training Phase  

8.1Compute Loss 
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Use categorical cross-entropy loss: 

ℒ = − ∑ yilog(ŷi)

C

i=1

 

8.2Optimize Network Parameters 

Update weights Wfc, Wa, Wc and biases bfc, ba, bcusing Adam or SGD. 

8.3Backpropagation 

Compute gradients through PCA-encoded features, fully connected layers, and attention mechanism. 

Update network for end-to-end learning. 

End 

Stop 

 

4. Result and discussion  
The section of results gives the assessment of the Bio-PhantomNet model proposed to detect plant diseases. 
A large-scale experiment was carried out with a benchmark dataset of various crops and various types of 
diseases. The model was evaluated based on its accuracy, precision, recall and F1-score. The recognition of 
better efficiency, interpretability, and robustness of the proposed approach in the detection of plant 
diseases in diverse settings are made in comparison with both the baseline and state-of-the-art models. 
4.1Dataset description  
The data used in this research comes from the Plant Village dataset, which contains over 54,000 labelled 
leaf images across 38 disease categories. The dataset focuses on three crops: pepper, tomato, and potato, 
including both healthy and diseased leaves. Each class represents specific plant conditions caused by fungal, 
bacterial, or viral infections. The images were captured under controlled conditions with variations in leaf 
orientation, texture, and lighting. This diversity allows Bio-PhantomNet to train and test effectively, 
ensuring accurate and reliable disease classification. 
4.2Experimental setup  
The experimental system in Table 2 was made in a way that guarantees reproducibility and powerful testing 
of Bio-PhantomNet. Training was conducted using the Plant Village data set on optimized convergence 
parameters using a GPU accelerated hardware. The standard evaluation parameters were accuracy, 
precision, recall, and F1-score that were used to prove the performance of models and compare them to 
baseline methods. 

 
Table 2: Experimental Setup for Training and Evaluation of Bio-PhantomNet Model 

Component Description 
Dataset PlantVillage dataset – 54,000+ images, 38 classes (healthy and diseased leaves). 
Hardware NVIDIA Tesla V100 GPU, 32 GB RAM, Intel Xeon 2.4 GHz processor. 
Software Python 3.9, TensorFlow 2.9, Keras, scikit-learn. 
Training Parameters Batch size: 32, Learning rate: 0.001 (Adam optimizer), Epochs: 100. 
Evaluation Metrics Accuracy, Precision, Recall, F1-Score. 

 
4.3Metrics analysis  
The performance measures show that Bio-PhantomNet is highly accurate and reliable in all the disease 
categories. The close accuracy and recall indicate that it is able to identify diseased and normal leaves 
correctly and with minimal false positives and false negatives. The F1-score also validates the strength of 
the model and well-balanced performance in plant disease detection. Moreover, the following table 3 shows 
the Analysis on performance metrics.  
 

Table 3: Analysis on performance metrics 
Metric Definition  Formula Observed 

Value (%) 
Accuracy Ratio of correctly predicted samples to total 

samples; overall classification correctness. 

tp + tn

tp + fp + tn + fn
× 100 

99.97 

Precision Fraction of true positive predictions among all 
positive predictions; reliability of predictions. 

tp

tp + fp
× 100 

99.96 

Recall Fraction of true positives detected among all actual 
positives; sensitivity of the model. 

tp

tp + fn
× 100 

99.95 
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F1-Score Harmonic mean of precision and recall; balances 
reliability and sensitivity. 

2 ×
precision × Recall

precision + Recall
× 100 

99.95 

 
4.4Performance comparison  
This section presents the comparative evaluation of the proposed Bio-PhantomNet model against widely 
used baseline architectures, including CNN [21], ResNet50 [22], DenseNet121 [23], and EfficientNet-B0 
[24]. The comparison highlights improvements in accuracy, precision, recall, and F1-score, demonstrating 
the proposed model’s superiority in detecting plant diseases with higher reliability, robustness, and 
biological interpretability. A simple CNN is used as a simple reference point of performance. ResNet50 is 
famous because of its residual connections, and it is a standard baseline used in medical and agricultural 
images. DenseNet121 was added because it reuses features well and has better gradient flow. EfficientNet-
B0 is a state-of-the-art model that is optimized in terms of accuracy-efficiency trade-offs, frequently applied 
in real life settings. As a combination, the baselines offer a full range of classical and modern architectures 
the performance of Bio-PhantomNet can be strictly proved. 
 

Table 4: Performance comparison of proposed model along with the existing baseline models 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

CNN (Basic) 96.5 96.4 96.3 96.35 

ResNet50 97.8 97.7 97.6 97.65 

DenseNet121 98.1 98 97.95 97.98 

EfficientNet-B0 98.5 98.4 98.3 98.35 

 (Proposed) 99.55 99.52 99.45 99.48 

 
Table 4 performance is a clear indication that the proposed Bio-PhantomNet model is superior to the 
traditional deep learning baselines. The simple CNN had an accuracy of 96.5% which implies that it cannot 
extract intricate disease-specific features. ResNet50 increased its accuracy up to 97.8% because of its 
residual connections that overcome the problem of vanishing gradient. DenseNet121 also achieved higher 
performance (98.1%), which is supported by dense connectivity to reinforce feature propagation. Balancing 
network depth, width and resolution to extract features efficiently, EfficientNet-B0 reached 98.5% accuracy. 
The proposed Bio-PhantomNet, however, significantly performed better than any of the baselines with an 
accuracy of 99.55, a precision of 99.52, a recall of 99.45, and an F1-score of 99.48. The findings indicate the 
importance of phantom biochemical mapping with PCA and attention, which can receive subtle biochemical 
patterns, e.g. chlorophyll degradation and lesion proliferation resulting in enhanced discriminability. The 
fact that the gain over EfficientNet-B0 (~1%) is high evidences the strength and interpretability of the 
proposed architecture biologically. Following figure 4 (a)-(d) shows the Performance comparison of 
proposed model along with the existing baseline models (a) Accuracy comparison (b) Precision comparison 
(c) Recall comparison (d) F1-score comparison.  

  
(a) Accuracy comparison  (b) Precision comparison 

  
(c) Recall comparison  (d) F1-score comparison 
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Figure 4: Performance comparison of proposed model along with the existing baseline models (a) Accuracy 
comparison (b) Precision comparison (c) Recall comparison (d) F1-score comparison 
Table 5 shows the comparison of the proposed Bio-PhantomNet and other state-of-the-art models in plant 
disease classification. Conventional CNN-based techniques [13,19] had 92.68 to 98.49% accuracy, which is 
reasonable but cannot focus on the specifics of the diseases. Combined feature extraction methods were 
used in hybrid methods like CAE + CNN [14] and AlexNet + GoogleNet [15] that enhanced the accuracy 
(98.38 -98.75%). CNNs with attention [16] and U-net + EfficientNet [17] achieved subtle results (96.25-
96.81%), which works well on localization but is not as effective in classification.  
 

Table 5: Performance comparison of the proposed model along with the state-of-art models 
Method/Model Accuracy 

(%) 
Precision 
(%) 

Recall 
(%) 

F1-Score 
(%) 

CNN [13] 98.49 98.7 98.2 98.45 
Hybrid model (CAE + CNN) [14] 98.38 98.5 98.2 98.35 
AlexNet + GoogleNet [15] 98.75 98.9 98.5 98.7 
CNN with residual blocks + attention [16] 96.25 96.6 95.8 96.2 
U-net + EfficientNet [17] 96.81 96.5 97.0 96.75 
VGG-19, ResNet-101, Xception, Inception-
ResNet-V2 [18] 

99.95 99.9 99.9 99.9 

CNN [19] 92.68 92.5 92 92.25 
Xception, DenseNet [20] 97.5 97.6 97.4 97.5 
Bio-PhantomNet (Proposed) 99.97 99.96 99.95 99.95 

 
The accuracy of multi-architecture ensembles such as VGG-19, ResNet-101, Xception, Inception-ResNet-V2 
[18] was found to be near-perfect (99.95%), which is also their strength but makes them very 
computationally complex. The proposed Bio-PhantomNet demonstrated the highest level of accuracy, 
99.97%, precision, 99.95 recall and F1-score of 99.95, making it superior regarding integrating phantom 
biochemical properties, PCA-based dimensionality reduction and attention mechanisms. These findings 
highlight the idea that Bio-PhantomNet is both extremely precise and biologically suggestive, which is why 
it represents a powerful alternative to the established deep learning models. Following figure 5 (a)-(d) 
shows the performance comparison of the proposed model along with the state-of-art models.  

  

(a) Accuracy comparison  (b) Precision comparison 

 

 

(c) Recall comparison  (d) F1-score comparison 
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Figure 5: Performance comparison of proposed model along with the state-of-art models (a) Accuracy 
comparison (b) Precision comparison (c) Recall comparison (d) F1-score comparison 
Figure 6 shows the confusion matrix of Bio-PhantomNet that is trained on the PlantVillage dataset has 
excellent classification accuracy with a variety of crop-disease classes. The majority of the samples are 
going along the diagonal, which means that the diseases such as Tomato_Yellow_Leaf_Curl_Virus, 
Pepper_Bacterial_Spot, and Potato_Early_Blight are correctly predicted. The low levels of misclassification 
off-diagnosis indicate the strength of the model in visual similarity infections. Its superior disease 
distinction is due to the higher biochemical tensor inputs; combination of chlorophyll, lesion morphology 
and texture cues. These findings validate the effectiveness of Bio-PhantomNet in the effective and early 
detection of plant diseases and therefore guarantees consistent generalisation processes across species and 
conditions in the dataset. 
 

 
Figure 6: Confusion matrix 

 
Figure 7 shows the ROC curve of Bio-PhantomNet that has been trained on the Plant Village dataset achieves 
outstanding classification results in all disease categories with AUC of over 0.98. Large true positive rates 
and low false positive rates show that the discriminative ability is high and the detection is reliable even in 
various plant species. The separability of such diseases as Tomato_mosaic_virus, Potato_Early_blight, and 
Pepper_bacterial_spot are almost perfect, which proves the potential of Bio-PhantomNet to identify the 
slightest biochemical and textual differences. The stability, sensitivity, and the robustness of the model in 
early detection of the plant disease in early plant disease detection has been confirmed by the consistently 
high values of AUC which proves better than the conventional visual-based models due to its phantom 
biochemical field representation. 
 

 
Figure 7: AUC-ROC analysis 
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Figure 8 indicates that the accuracy curve indicates that Bio-PhantomNet rapidly converged with both the 
training and testing accuracies both above 97 percent in fewer than 50 epochs. The fact that the two curves 
are very close to one another shows that there is good generalization and little overfitting. Biochemical 
tensor inputs of the model and phantom field simulation contributed to the enhancement of the 
representation learning, which achieved high discriminative capability on a variety of plant disease classes 
in the Plant Village dataset, which is indicative of high stability and effective learning. 
 

  
Figure 8: Training and testing accuracy Figure 9: Training and testing loss 

In Figure 9, there is a loss curve which indicates a consistent decrease in both the training and testing stages 
until it reaches a value of below 0.1, after 50 epochs. This steady decrease shows a good optimization and 
convergence of Bio-PhantomNet without huge deviation between curves. The low gap value indicates that 
the model does not overfit and the generalization error is low. These findings affirm that the phantom 
biochemical field-based learning has strong potential to capture features of the discriminative diseases 
resulting in strong and accurate disease detection. 
 
4.5Discussion  
Significance of the study includes Bio-PhantomNet presents a biologically explainable framework that 
emulates biochemical mechanisms in plant tissues such that it enables early infection detection before one 
can see any symptoms. The high accuracy, stability, and low loss are indicative of high performance with 
respect to the conventional vision-based models. Combination of chlorophyll, morphology, and texture give 
a more accurate diagnosis of various plant species. The model has a limitation in that, although it is a good 
performer, it requires a controlled imaging environment that limits field flexibility. Practical variability like 
lighting, occlusions and mixed infections can diminish precision, necessitating additional domain 
adaptation and data augmentation to effectively be applied to an agricultural setting. 
 

5. Conclusion  
This paper presented Bio-PhantomNet, a new deep learning model to detect plant diseases, which 
incorporates biological interpretable phantom biochemical mapping, dimensionality reduction using PCA, 
feature encoding, and attention-based classification. Bio-PhantomNet utilizes latent indicators of 
chlorophyll, lesion and moisture, unlike standard CNNs which only use RGB intensities, creating the ability 
to predict diseases early and accurately on a multi-crop scale. The proposed model was tested 
experimentally and proved to get 99.97% accuracy, 99.96% precision, 99.95% recall, and 99.95% F1-score, 
being consistently better than baseline and state-of-the-art models. The proposed model achieved an 
absolute improvement of 1.47% in accuracy compared with EfficientNet-B0 (98.5%), with a better accuracy 
of more than 3.47 compared to traditional CNNs. Moreover, Bio-PhantomNet continued to perform better 
when compared to the state-of-the-art hybrids (e.g. AlexNet + GoogleNet and ensemble) as well as reduced 
redundancy and increased interpretability. These findings indicate its possible use in real-world smart 
agriculture, with a robust, interpretable, and highly accurate classification of the plant diseases. 
 
5.1Future scope  
The future research on Bio-PhantomNet could be devoted to the ability to extend it to the field conditions 
in real-time through mobile or IoT-enabled equipment. The addition of hyperspectral and thermal images 
can be advantageous to the richness of phantom features. Additionally, federated learning will be integrated 
to enable privacy preserving model training in distributed farms. Its ability to adapt to novel, undetectable 
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plant diseases and its ability to withstand changes in the environment including lighting, soil background, 
and leaf occlusions will enhance its application in precision agriculture. 
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