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ABSTRACT 

Nutrient deficiencies in mulberry leaves play a decisive role in sericulture, since they directly affect the 

growth of silkworms and the production of silk. Traditional visual observation by professionals is 

subjective, laborious, and cannot be used in massive monitoring. Although generic Convolutional Neural 

Network (CNN) models are frequently applied to this task, they often struggle to capture the fine-grained 

spatial and textural details essential for identifying specific nutrient stress. To address these drawbacks, 

this paper presents DELG Net, a biologically-related two-stream convolutional model that conjoins global 

and regional feature processing. Macroscopic color and contour features are captured by the global 

stream, and vein and texture patterns are highlighted with high-pass filtering by the local stream. A cross-

attention fusion model dynamically increases the contribution of the two streams according to the 

prominence of the symptoms, and feature weighting can be adjusted adaptively and contextually. 

Experiments on a curated dataset of mulberry plant leaves show that DELG Net achieves better precision 

and interpretability than state-of-the-art CNNs, with a total classification accuracy of 95.4% and 

consistent results in all three classes of nitrogen, potassium, and phosphorus deficiencies. The proposed 

model can be used to monitor nutrient stress in real-time and on a large scale to increase the efficiency of 

silk production. 

Keywords-deep learning; cross-attention fusion; dual-stream architecture; plant health monitoring; precision 

agriculture 

I. INTRODUCTION  

Sericulture, which involves the cultivation of Bombyx 
mori, is a crucial agro-industry and rural economic sector that 
has a huge influence on the world textile market. Since 
silkworms only have mulberry leaves as food, the quality of the 
food directly influences the number of cocoons and the quality 
of their fibers. The lack of the necessary macronutrients, 
namely, Nitrogen (N), Phosphorus (P), and Potassium (K), 
hampers the growth of larvae and deteriorates the quality of 
silk, leading to significant economic loss [1]. Nitrogen is 

essential for protein and amino acid synthesis [2], whereas 
potassium controls enzyme activity, osmotic balance, and stress 
resistance [3]. 

Traditional diagnostic methods for nutritional deficiency 
are usually subjective, slow, and unreliable in manual visual 
examination. Although specialists can recognize signs such as 
nitrogen-induced chlorosis or potassium-induced marginal 
scorching, these visual clues tend to be unreliable in changing 
environmental conditions [4]. The industry is moving to 
Artificial Intelligence (AI) and Deep Learning (DL) to obtain 
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objective and scalable diagnostics [5]. Convolutional Neural 
Networks (CNNs) such as ResNet, VGGNet, and MobileNet 
have performed well in general disease detection by extracting 
features from raw images [6, 7]. Nevertheless, such general 
architectures tend to be biologically uninterpretable and find it 
difficult to differentiate between subtle overlapping symptoms, 
including vein deformation, marginal curling, or certain color 
gradients, which are symptoms of different nutrient 
deficiencies, reducing accuracy in complex cases [8, 9]. 

CNDD-Net [10] is a ResNet-based CNN with CBAM 
(channel and spatial) attention to detect corn leaf disease and 
nutrient deficiency. Although this model is very accurate and 
less complex, it is not explicit in global-local contrastive 
feature modeling and continuous health score regression. In 
[11], an explainable CNN-Vision Transformer (ViT) 
architecture was proposed for the diagnosis of mulberry leaf 
disease, including Grad-CAM interpretability, obtaining 95.6% 
accuracy on the three disease categories. However, this method 
is disease-centric and fails to classify nutrient deficiency and 
include multi-scale feature fusion. In [12], the use of color and 
texture features as a form of nutrient deficiency detection was 
investigated with classical machine learning algorithms, 
including SVM, KNN, and Random Forest, although these 
hand-crafted feature-based algorithms did not demonstrate 
strong generalization to real-field environments. In [13], cotton 
leaf disease detection was based on the YOLOv5-based 
architecture, performing image preprocessing, and showing 
high performance compared to ResNet50 and VGG16 in terms 
of classification metrics and ROC analysis. 

A hybrid-DAE-LSTM model [14] combined spatial and 
temporal data to diagnose nutrient status in aquaponic lettuce to 
achieve fine-grained nutrient differentiation; however, this 
strategy did not use curriculum learning to train the model 
progressively. A modified version of the YOLOv4 architecture, 
extended with dense DenseNet-based backbones, altered 
residual blocks, and improved feature fusion (SPP+PANet), 
was more effective in tasks with local texture and feature 
representation, but cannot be effectively considered when the 
task involves high-resolution fine-localization classification 
[15]. In [16], an unsupervised domain adaptation algorithm was 
based on matching source and target feature distributions to 
address environmental variability in crop-weed recognition, but 
without explicitly providing the categorization of cross-scale or 
hierarchical interactions between symptom characteristics. In 
[17], it was noted that deep and aggressively adaptive models 
can be constrained in their deployment in real-world scenarios 
due to computational, power, and latency constraints. 

In [18], DL methods were explored to predict plant stress, 
including model architecture, fusion mechanism, domain 
adaptation, and deployment issues. An experimental 
investigation of a domain-specific non-invasive diagnosis of 
nutrient deficiency used CNNs on RGB crop images and 
recognized the challenge of low inter-class separability of 
deficiency patterns [19]. In [20], four DCNNs, namely 
Inception-v3, ResNet50, NASNet, and DenseNet121, were 
compared in detecting ten rice leaf nutrient deficiencies with 
more than 90% test accuracy, proving the usefulness of deep 
models compared to classical methods. Multi-modal fusion 

showed the advantage of the DL-CRoP framework in tomato 
and maize to identify nitrogen deficiency using RGB and root 
imaging with a high accuracy (approximately 93%) [21]. 
However, despite these developments, the incorporation of 
biologically compatible, interpretable global-local feature cues 
is still a standing problem. 

Multi-scale DL is an effective tool in improving subtle 
pattern discovery, using features at varying scales [22]. 
MFFTNet [23], a multi-scale fusion and Transformer-based 
framework, extracts hierarchical features from remote-sensing 
images that fit well with leaf-level stress analysis. In [24], a 
few-shot plant stress classification model used cascaded multi-
scale features and channel attention to facilitate generalization 
when using a limited amount of data. In crop image semantic 
segmentation, multi-scale feature fusion was used in [25] to 
enhance the results to delineate healthy and diseased areas. In 
[26], multimodal fusion approaches were used to monitor 
plants based on RGB, multispectral, thermal, and soil 
information, with an emphasis on practical implementation 
issues. In [27], smart agriculture systems were reviewed, 
highlighting multimodal sensing to differentiate between 
nutrient stress, drought, and disease. In [28], a hybrid between 
manifold learning and intermediate fusion allowed controlled 
latent-space multimodal integration, which can be used to 
combine image streams with auxiliary data. 

Most CNN-based models for nutrient deficiency detection 
operate in an image-based manner, without processing images 
into explicit global and local components (color and 
morphology, and venation and texture, respectively), leading to 
an unbiologically sensitive representation of features and 
sensitivity to small-scale features of nutrient stress. Although 
multi-scale feature-fusion has been employed to improve 
coarse-to-fine feature learning, less explored is cross-attention-
based fusion, designed to support nutrient deficiency analysis. 
Simultaneously, as the trend to focus more on explainable 
agricultural AI develops, there is an opportunity to explore 
more interpretable models by displaying visual reasoning, 
which might be equally desirable with high accuracy. In order 
to fill these gaps, this paper proposes a self-organizing DELG 
Net, which is a dual-stream bio-inspired architecture that 
expresses both global and local features and warps them 
together using cross-attention fusion. This design is 
lightweight, with accuracy, interpretability, and computation 
efficiency allowing for real-time on-field deployment. 

II. PROPOSED METHODOLOGY 

DELG Net is a DL model for identifying and measuring 
nutrient deficiencies in mulberry leaves (Morus spp.). The 
architecture simulates agronomic visual inspection through 
joint intensity modeling of global leaf properties (color and 
shape) and the local structural clues (venation and texture) in 
two parallel processing streams. To facilitate a coherent global-
local interaction of features, these streams are combined with 
the help of a cross-attention fusion mechanism. DELG Net uses 
the dual-head training approach, performing both nutrient 
deficiency classification and continuous leaf health score 
regression. The designed pipeline, shown in Figure 1, is able to 
learn both macro- and micro-level elements concurrently. 
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Fig. 1.  Workflow of the DELG-Net model 

A. Dataset and Preprocessing 

Images of mulberry leaves were divided into four nutrient 
conditions, namely, Healthy, Nitrogen-deficient (N), 
Phosphorus-deficient (P), and Potassium-deficient (K). Photos 
were taken from a silkworm house in Keralalusandra, 
Karnataka, India, with natural field-level variability of leaf 
morphology and pigmentation. Images were captured at 
daylight, using a Sony Cybershot digital camera with a 20.1 
MP sensor. The filtered dataset has 4,600 images, allotted in 
Healthy (1,000), N-deficient (1,200), P-deficient (1,200), and 
K-deficient (1,200). All classes have characteristic phenotypic 
features, such as dark green coloration in all healthy leaves, 
class-specific chlorosis, pigment-abnormalities and marginal 
necrosis in nutrient-depleted samples, which give 
discriminatory visual cues to learning-based classification. To 
enable continuous health score regression, a ground truth health 
label ℎ ∈ �0,1� was assigned to each image in the training set. 
Three agronomic experts assigned labels manually according to 
a standardized visual scoring rubric. Healthy leaves with 
complete dark green pigmentation were awarded a score of 1.0. 
A scale of deficient leaves was based on the percentage of the 
area of the symptomatic leaf (chlorosis, necrosis, or marginal 
curling): early-stage symptoms received a score of between 0.6 
and 0.8, and severe symptoms were assessed with a score of 
between 0.1 and 0.3. The label of every image was the average 
score of the experts to provide objective regression training. 
The dataset was stratified into training (70%), validation 
(15%), and test (15%) subsets to maintain class balance. Data 
augmentation strategies, such as random flipping, rotation, and 
scaling, were used to represent real-world variability, avoid 
overfitting, and improve generalization. The images were all 
converted to RGB, resized to 224×224, and normalized using 
the mean value. This uniform preprocessing not only provided 
the model with stable training but also with faster convergence, 
emphasizing its stability under different visual conditions. The 
filtered image �	  is calculated using convolution, �	 
 � ∗ � , 
where � is the Laplacian kernel matrix and ∗ is the convolution 
operator. A 3×3 Laplacian kernel with a center coefficient of -4 
was used to effectively extract high-frequency components 
while maintaining computational efficiency. 

B. Dual-Stream Feature Extraction  

DELG-Net uses two parallel convolutional streams, a 
Global Stream (G-Stream) and a Local Stream (L-Stream), to 
cooperatively acquire holistic and finer leaf features. The G-
Stream manipulates the primary RGB image to capture global 
contextual information, such as color distribution, general 
shape, and boundary structure. These visualizations allow 
useful detection of symptoms of color-dominant nutrient 
deficiencies, such as chlorosis due to nitrogen stress, since they 
model the large-scale spatial patterns that indicate the overall 
leaf health. Conversely, the L-Stream acts on the Laplacian-
filtered image �	  that highlights all details due to high 
frequency, such as the structures of veins and variation in 
texture at edges. This stream is especially created to identify 
subtle local manifestations, such as vein deformity, marginal 
curling, and edge necrosis, which are normally linked to a 
vitamin deficit, such as potassium deficiency. Both streams 
consist of repeated blocks of convolution-batch normalization-
ReLU, and are then followed by max pooling blocks that 
successively decrease the size of the space and maintain the 
important features. The two streams provide the global feature 
map (
�) and the local feature map (
�), which are combined to 

give a complete view of the health status of the leaf, both in the 
macroscopic image and the microscopic texture. 


� 
 �������,    
� 
   ������	�  (1) 

C. Cross-Attention Fusion Mechanism 

A Cross-Attention Fusion Module (CAFM) incorporates 
the two complementary aspects of the global and local streams 
by adapting and highlighting the most salient symptom-specific 
representations. The module maps embedding of query features 
into a Query-Key-Value (QKV) space, which allows adaptive 
interaction of features by attention according to visual 
relevance: 

�� 
 ��
� , �� 
 ��
�   (2) 

where ��  and ��  are learnable projection matrices. The 

attention weights � are calculated using a scaled dot-product 
attention: 

� 
 ������ !�"�#$

√& '    (3) 
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where ( is the dimensional scaling factor. The fused feature 
map 
) is computed as a weighted combination of global and 

local streams: 


) 
 *
� + �1 − *���
��   (4) 

Here, * is a learnable parameter that dynamically balances the 
global-local feature contributions. This ensures that the model 
focuses on color-based cues for nitrogen deficiency and vein-
based cues for potassium deficiency as required. 

D. Feature Fusion and Output Heads 

The resulting feature vectors 
) from the dual streams are 

then fused and fed through fully connected layers, resulting in a 
composite representation of the visual features of the leaf. 
Based on such a common representation, two output branches 
are obtained, one classified and the other regressed. The 
Classification Head uses a SoftMax layer to estimate the 
nutrient deficiency category out of C predefined categories, i.e., 
Healthy, Nitrogen-deficient, Phosphorus-deficient, and 
Potassium-deficient. Loss associated with classification is 
computed using the categorical cross-entropy function: 

-.�/ 
 ∑ 12log �6278 192�    (5) 

where 12 represents the true class label and 192 is the predicted 
probability for each class. 

The Regression Head uses a sigmoid activation function to 
output a continuous health score ℎ ∈ �0,1�, where values close 
to 1.0 indicate a healthy leaf and values near 0.0 correspond to 
severe deficiency. The regression loss is measured using Mean 
Squared Error (MSE): 

-:;� 
 8
< ∑ �ℎ2 − ℎ=2�><278    (6) 

Finally, the combined loss function integrates both 
objectives, balancing classification accuracy and health 
estimation through weighted coefficients ?8and ?>: 

-@ABC� 
 ?8-.�/ + ?>-:;�   (7) 

This joint optimization strategy enables the model to 
simultaneously identify the type of nutrient deficiency and 
provide a continuous measure of leaf health, improving both 
interpretability and robustness. 

E. Training Strategy  

The DELG-Net model was trained using the Adam 
optimizer to ensure stable convergence and adaptive learning. 
The training process utilized an initial learning rate of 1×10-4, a 
batch size of 32, and a total of 100 epochs. The optimizer 
parameters were set to D8= 0.9 and D> = 0.999. Early stopping 
was employed based on validation loss with a patience of 10 
epochs to avoid overfitting. Furthermore, dropout layers with a 
probability of 0.3 were introduced in the fully connected stages 
to enhance generalization. The implementation was carried out 
in TensorFlow 2.12 and PyTorch 2.1 environments, and the 
training was performed on a workstation powered by an 
NVIDIA RTX 3080 GPU. Table I summarizes the training 
environment. 

 

TABLE I.  TRAINING ENVIRONMENT PARAMETERS 

Parameter Description / Value 

Optimizer Adam 

Initial Learning Rate 1 × 10FG  

Batch Size 32 

Number of Epochs 100 

Optimizer Parameters D8 
 0.9 and D> 
 0.999 

Early Stopping 
Based on validation loss  

(patience = 10 epochs) 

Dropout Rate (p) 0.3 (in fully connected layers) 

Framework TensorFlow 2.12 / PyTorch 2.1 

Hardware Used NVIDIA RTX 3080 GPU 

 

III. RESULTS AND DISCUSSION 

A. Quantitative Results 

The performance evaluation results show that DELG-Net 
can classify and differentiate types of nutrient deficiency in the 
mulberry leaf, with a high generalizability among the four 
classes, as shown in Table II. The highest false-positive rates 
are observed in the Healthy and Nitrogen-deficient classes 
because they have different visual features. Minor changes in 
the precision of Phosphorus deficiency are caused by features 
that overlap with Potassium deficiency, but the overall F1-
score of 0.907 represents a good and balanced overall 
predictive ability over the nutrient groups. 

TABLE II.  CLASS-WISE PERFORMANCE OF DELG NET 

Class Precision Recall F1-score Accuracy 

Healthy 0.962 0.93 0.924 0.953 

Nitrogen-Deficient (N) 0.93 0.922 0.924 0.953 

Phosphorus-Deficient (P) 0.89 0.91 0.907 0.953 

Potassium-Deficient (K) 0.94 0.9 0.92 0.953 

 
The overall classification accuracy of 95.3% indicates a 

high level of discrimination under different visual conditions. 
In addition, the macro-averaged precision (0.93), recall (0.915), 
and F1-score (0.918) values show that there is a balanced 
tradeoff between sensitivity and specificity, and the false 
positives and missed detections are minimized. The findings 
support the usefulness of the suggested dual-stream global-
local feature learning approach to improve the performance and 
interpretability of nutrient deficiency patterns in leaf pictures. 

DELG Net was evaluated against MobileNetV2 and 
YOLOv8 under identical preprocessing and training settings. 
As summarized in Table III, DELG-Net outperformed both 
baselines across all key metrics, achieving an accuracy of 
95.3%, exceeding MobileNetV2 and YOLOv8 by 9.4% and 
5%, respectively. This improvement stems from its dual-stream 
architecture, which jointly models global contextual features 
(color distribution and leaf morphology) and local structural 
cues (venation and marginal stress patterns). In contrast, 
MobileNetV2's single-stream lightweight design limits fine-
grained feature learning, resulting in lower recall and F1-
scores, while YOLOv8's object-detection-oriented optimization 
prioritizes bounding-box localization and speed over pixel-
level nutrient discrimination. The precision, recall, and F1-
score of DELG Net are high (0.93, 0.915, and 0.918), 
indicating balanced and reliable discrimination of the healthy 
and nutrient-deficient samples in all classes.  
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TABLE III.  PERFORMANCE COMPARISON OF DELG NET 
WITH BASELINE MODELS 

Model Class Precision Recall F1-score Accuracy 

DELG Net 

(Proposed) 

Healthy 0.962 0.93 0.924 

0.953 
Nitrogen 0.93 0.922 0.924 

Potassium 0.94 0.90 0.92 

Phosphorus 0.89 0.91 0.907 

MobileNet 

Healthy 0.89 0.87 0.876 

0.859 
Nitrogen 0.83 0.80 0.82 

Potassium 0.84 0.832 0.83 

Phosphorus 0.78 0.76 0.774 

YOLOv8 

Healthy 0.943 0.91 0.93 

0.904 
Nitrogen 0.89 0.87 0.875 

Potassium 0.87 0.84 0.86 

Phosphorus 0.79 0.78 0.79 

 
These findings affirm the usefulness of the proposed cross-

attention fusion mechanism in modeling global and local 
features simultaneously, resulting in higher discriminability 
and interpretability. In general, DELG-Net performs better than 
standard CNNs and object-detection models with regard to the 
ability to reproduce subtle and overlapping patterns of nutrient 
deficiency. The dual-stream design generalizes across leaf 
thickness and serration of mulberry leaf varieties despite 
differences in structural variability, since the global color cues 
(deficit signals, with them) are encoded in the local venation 
texture, although the current dataset was gathered in control 
field conditions. 

B. Qualitative Analysis 

Figure 2 shows a Grad-CAM visualization, demonstrating 
that the proposed DELG Net can be understood in biological 
terms and can highlight biologically significant areas, namely 
venation, leaf margins, and discoloration spots. In healthy 
leaves, all attention is evenly distributed, but in samples with 
nutrient deficiencies, activations are strong in the chlorotic and 
necrotic areas, which characterizes the good localization of 
symptoms. This correspondence between model attention and 
agronomic symptom patterns justifies the usefulness of the 
cross-attention fusion mechanism in the context of linking 
computational learning with biological significance. Figure 
2(a) presents the initial RGB image of a healthy mulberry leaf 
with even green color and smooth surface, which are signs of 
proper nutrition. The Laplacian-improved image in Figure 2(b) 
highlights high-frequency information, veins, and edges, 
helping to realize the early existence of small structural 
anomalies. Figure 2(c) is the result of Grad-CAM, with warmer 
areas indicating the greater importance of features. Its specific 
and balanced central lamina activation reaffirms that DELG 
Net can be trained on spatially consistent and diagnostically 
significant features without classification bias. 

 

   

(a) (b) (c) Grad-CAM 

Fig. 2.  (a) Health leaf, (b) Laplacian filtered, (c) Grad-CAM maps. 

(a) (b) (c) 

Fig. 3.  Model's response to a Nitrogen-deficient leaf: (a) Nitrogen-

deficient leaf, (b) Laplacian-filtered, (c) Grad-CAM filtered. 

Figure 3 shows the reaction of DELG Net to nitrogen-
deficient mulberry leaves, demonstrating that it is capable of 
capturing biologically relevant stress patterns. Nitrogen 
deficiencies appear as uniform chlorosis moving outward from 
the older regions to the central lamina, as shown in Figure 3(a), 
a secondary diagnostic symptom. Figure 3(b) shows the 
Laplacian-emphasized image, which enhances high-frequency 
information, including the shape of veins and edge outlines, 
and helps identify the slightest stress-related changes in the 
texture at the level of the color difference in RGB. The 
underlying Grad-CAM map in Figure 3(c) shows focused 
activations on chlorotic areas of the central lamina, with the 
warmer colors being the ones that are more relevant. Such a 
localized attention proves that the cross-attention fusion 
mechanism is successful in linking nutrient stress to color and 
texture information, allowing for biologically appropriate 
model decisions. 

The visualization can affirm that DELG Net works with 
adaptive analysis and pays attention to agriculturally relevant 
features, including vein discoloration and interveinal chlorosis, 
rather than using global image cues. The high level of 
correspondence between biological symptoms and the 
activation regions is an indication of the interpretability and 
diagnostic reliability of the model when it comes to the 
detection of nitrogen deficiency. The confusion matrix in 
Figure 4 also indicates the strong classification ability for all 
four classes, as indicated by the high degree of diagonal 
dominance and small misclassification. The most accurate were 
healthy leaves (96%), with future pigment and texture patterns 
being similar. Potassium-deficient samples were classified with 
95% accuracy, showing that marginal necrosis and vein-edge 
variants were well captured. Leaves with Nitrogen-deficiency 
were classified with an accuracy of 93%, with a slight degree 
of confusion with the Healthy category, whereas Phosphorus-
deficient samples had 91% accuracy, with a slight level of 
confusion with Potassium-deficiency because of the similarity 
in patterns of interveinal discoloration. 

The confusion matrix analysis establishes that DELG Net 
has balanced discriminative capabilities in each category of 
nutrient, with a small number of off-diagonal errors, 
demonstrating success in distinguishing patterns of deficiency 
with similar appearances using its two-stream structure. These 
findings indicate the strength, stability, and dependability of the 
model on the diagnosis of nutrient stress of plant leaves in the 
real world. In comparison, the MobileNetV2 confusion matrix 
(Figure 5) indicates average performance, especially on 
overlapping deficiency symptoms because of the small fine-
grained feature representation. Accuracies of 88%, 81%, 84%, 



Engineering, Technology & Applied Science Research Vol. 16, No. 2, 2026, 33783-33789 33788  
 

www.etasr.com Raghavendrachar et al.: DELG Net: A Dual-Stream Cross-Attention Framework for Automated … 

 

and 74% for healthy, nitrogen, potassium, and phosphorus 
deficiencies, respectively, indicated that MobileNetV2 was less 
sensitive to minor spectral and structural stress effects. 

 

 

Fig. 4.  DELG-Net confusion matrix. 

 

Fig. 5.  MobileNetV2 confusion matrix. 

 

Fig. 6.  YOLOv8 confusion matrix. 

The results indicate that although MobileNetV2 is 
computationally efficient, its single-stream design limits the 
capture of multi-scale context and fine texture details. A 
stronger local feature extraction mechanism is needed to 

distinguish nutrient classes with similar symptoms. Hence, 
advanced dual-stream models such as DELG Net, which fuse 
global color and local morphology, offer superior precision and 
interpretability. 

Figure 6 shows that YOLOv8 provides competitive 
performance bus has drawbacks in terms of fine-grained 
classification of nutrient deficiency because it is an object-
detection-based architecture. Although it is very precise with 
healthy leaves (95%), it is sensitive to finer changes in pixels, 
which limits its sensitivity to nitrogen (90%), potassium (90%), 
and phosphorus (88%) deficiencies, with visible inter-class 
confusion. YOLOv8 depends on bounding-box-level features 
instead of more detailed venation and edge textures that are 
needed to distinguish between different nutrients. YOLOv8 is 
not as effective as DELG-Net, which has a dual-stream 
framework and cross-attention fusion that allow superior global 
and local features capture. In general, the findings back the 
claim that task-specific architectures such as DELG-Net are 
more appropriate to detect subtle variation patterns in nutrient 
variations as compared to generic object detectors. 

Figure 7 contrasts DELG-Net, MobileNetV2, and YOLOv8 
in four nutrient conditions. DELG-Net is significantly ahead of 
the others as it reaches a consensus of more than 0.9 in all 
classes. Its two-stream combination of RGB-based global color 
and Laplacian-filtered local texture can reasonably predict finer 
symptoms, including marginal necrosis, interveinal chlorosis, 
and gradients of discoloration changes that single-stream 
models are mostly not able to detect. 

 

 

Fig. 7.  Class-wise precision comparison. 

MobileNetV2 experiences a problem with phosphorus and 
potassium deficiencies due to its small receptive areas, and 
YOLOv8 is oriented towards object localization. The cross-
attention and two-stream approach of DELG-Net allows the 
assessment of nutrients in the environment robustly, 
interpretably, and effectively. 

IV. CONCLUSION 

This study introduced DELG Net, a biologically inspired 
dual stream deep learning architecture, to perform automated 
detection and quantification of nutrient deficiencies in Morus 
leaves. DELG Net has better interpretability and diagnostic 
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reliability by combining the global color and local texture 
reasoning with a cross-Attention fusion mechanism. Its 
accuracy of 95.4% on experiments on 4,600 leaf images 
surpassed MobileNetV2 and YOLOv8. Its two-output 
architecture, which integrates categorical classification and 
continuous health scoring, can be used to assist in precision 
sericulture and monitor numerous plants. Grad-CAM revealed 
that agronomically relevant areas were paid attention to. In 
addition to technical benefits, DELG-Net facilitates sustainable 
agriculture by providing opportunities to track nutrient-induced 
stress in crops early, effectively utilize fertilizers, and combine 
them with real-time mobile or edge-AI applications. 
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