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Introduction

The global agricultural landscape is currently navigating a period of profound transition, where the pressure to meet the nutritional demands
of a growing population intersects with the increasing volatility of environmental stressors. Fruits, as primary sources of essential vitamins
and high-value trade commodities, represent a cornerstone of this sector. However, the biological vulnerability of fruit crops remains a
critical bottleneck. Pathogenic outbreaks ranging from fungal blights and bacterial cankers to complex viral mosaics do not merely reduce
harvest volume; they degrade the qualitative integrity of the produce, leading to systemic economic instability for growers and threatening
food security on a regional scale.

Historically, the identification of these pathologies has relied on the seasoned eye of the taxonomist or the rigorous, albeit slow, protocols
of the diagnostic laboratory. Traditional phytopathology depends heavily on morphological observation, where experts analyze symptomatic
expressions such as chlorosis, necrosis, or localized wilting. While these methods have served the industry for decades, they are increasingly
ill-suited for the modern pace of global trade. Visual inspection is inherently subjective and prone to human error, particularly in the early
stages of infection when symptoms are subtle or mimic nutrient deficiencies. Furthermore, conventional laboratory techniques like
Polymerase Chain Reaction (PCR) or Enzyme-Linked Immunosorbent Assay (ELISA), though highly accurate, require specialized
equipment and significant lead times that small-scale farmers often cannot afford.The evolution of agricultural technology has recently
pivoted toward "Smart Farming," a paradigm shift characterized by the integration of data-driven insights into field management. At the
forefront of this evolution is the development of Intelligent Decision Support Systems (IDSS). Initial iterations of these systems relied
primarily on rudimentary image processing to flag discoloration on leaves or fruit skins. While these early models provided a leap forward
in automation, they often functioned as "black boxes," offering predictions based on surface-level pixels without accounting for the
underlying biological mechanisms of the plant. This gap in current methodology represents a significant limitation: a system that detects a
spot but does not understand the botanical context or the chemical signaling of the host is likely to fail when faced with new variants or
atypical environmental conditions.

The motivation for this research stems from the necessity to move beyond surface-level diagnostics. To achieve a truly robust diagnostic
tool, one must synthesize the structural rigor of classical taxonomy with the invisible data points found in phytochemical profiles. When a
fruit is under stress, its internal chemistry shifts long before visual symptoms manifest. By monitoring changes in secondary metabolites,
phenolic compounds, or volatile organic signals, a diagnostic system can potentially "see" an infection in its incubation phase. Combining
these biochemical markers with taxonomic hierarchies ensures that the Al model operates within a biologically plausible framework, rather
than relying on coincidental visual patterns. The primary objective of this study is to design and evaluate an Al-driven IDSS that integrates
these dual streams of data taxonomic classification and phytochemical analysis to provide a comprehensive diagnostic output. By doing so,
the research aims to address the limitations of subjectivity and latency inherent in traditional methods while providing a level of depth that
standard computer vision models currently lack. The study focuses on creating a multi-modal architecture capable of processing both visual
descriptors and chemical indicators to offer actionable insights for disease management.

This paper contributes to the field by proposing a novel hybrid framework that harmonizes disparate data types into a unified diagnostic
engine. Unlike previous models that treat fruit disease as a simple classification problem, this approach treats it as a complex biological
interaction. By validating this system against a diverse dataset of orchard pathogens, this research demonstrates that incorporating
biochemical "intelligence" significantly boosts the precision of automated diagnostics. Ultimately, this work provides a scalable,
scientifically grounded pathway for the next generation of precision agriculture, empowering stakeholders with a tool that is as biologically
informed as it is computationally advanced.

Literature review

The integration of computational intelligence into fruit pathology has undergone a rapid metamorphosis over the last five years, moving
from simple image classification to complex, multi-layered decision support architectures. As agricultural stakeholders seek more reliable
methods to mitigate yield loss, the academic landscape has focused heavily on the refinement of Deep Learning (DL) models and their
deployment across various hardware platforms. However, a critical synthesis of current literature reveals that while visual recognition has
reached near-peak performance, the inclusion of biological and chemical context remains an underdeveloped frontier.

Recent advancements have been dominated by the proliferation of Convolutional Neural Networks (CNNs) and, more recently, Vision
Transformers (ViTs). High-performance models such as VGG19, EfficientNet, and ConvNeXt have consistently demonstrated accuracy
rates exceeding 99% in controlled or curated datasets [3], [8], [9], [18], [20]. For instance, Srinivasan et al. [20] introduced the DBA-ViNet
framework, which utilizes a dual-branch attention mechanism to enhance the interpretability of fruit disease detection through explainable
Al (XAI). This trend toward explainability reflects a growing need to build trust among end-users by visualizing "attention maps" that
highlight symptomatic regions [20].While heavy architectures provide superior accuracy, a parallel trend has emerged focusing on "edge-
oriented" and lightweight models designed for real-time field use. Researchers have successfully deployed pruned CNN-LSTM pipelines
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on low-power devices like the Jetson Nano to facilitate orchard monitoring and UAV-based surveillance [7], [9], [15]. These systems
prioritize computational efficiency, maintaining high F1-scores and precision while operating within the hardware constraints of mobile or
remote agricultural environments [6], [15].

Despite the dominance of deep learning, classical machine learning (ML) utilizing hand-crafted features continues to hold relevance,
particularly for single-crop systems. Studies focusing on specific fruits like apple and guava have demonstrated that color and texture
descriptors, when processed via traditional neural networks or ensemble methods, can achieve accuracies ranging from 73% to 99% [4],
[5], [16]. These methods are often less data-intensive than deep learning counterparts, making them viable for niche applications where
massive labeled datasets are unavailable.The literature indicates a significant shift from "stand-alone classifiers" to integrated Decision
Support Systems (DSS). Modern frameworks are increasingly embedded in web or mobile applications that do not merely label a disease
but provide comprehensive management strategies, confidence scores, and localized recommendations [6], [17], [19]. MacDonald et al. [17]
highlighted the importance of these tools in assessing grapevine leafroll and red blotch, emphasizing that a tool's utility is defined by its
ability to support actual field decisions rather than just identifying a visual pattern. Reviews by Gupta and Tripathi [16] and others underscore
that the future of precision agriculture lies in embedding Al outputs into the broader supply chain, from grading and sorting to targeted
fungicide application [12], [14], [18].

A persistent challenge identified in recent literature is "taxonomic complexity." Dowling et al. [2] noted that species complexes, such as
Colletotrichum, present visual symptoms that are nearly identical across different pathogens, yet require vastly different chemical treatments.
This suggests that relying solely on RGB imagery is insufficient for high-stakes agricultural management.Furthermore, research into the
"ionome" and phytochemical profiling has shown that changes in secondary metabolites and nutrient concentrations often precede visual
symptoms [1], [10]. Matsuoka [1] demonstrated that multi-element analysis can diagnose physiological disorders early in the growing
season, a feat currently impossible for standard image-based Al. Despite these findings, there is a notable absence of systems that "fuse"
these biochemical signals with computer vision. Current surveys explicitly identify this lack of data fusion combining
hyperspectral/chemical sensors with taxonomic expert knowledge as a primary barrier to achieving robust, early-stage disease detection [8],
[117, [13], [14], [16].

While the current state of the art excels in visual pattern recognition, a significant research gap remains: the lack of multi-modal integration
between visual descriptors, taxonomic hierarchies, and phytochemical markers. Most existing models suffer from "domain shift," where
performance drops significantly when moving from curated lab images to the chaotic environment of a real orchard [8], [20]. This
vulnerability stems from a lack of biological context. There is a clear need for an Intelligent Decision Support System that treats fruit disease
as a multifaceted biological interaction rather than a simple image-labeling task. By failing to incorporate the chemical signaling of the host
plant and the taxonomic nuances of the pathogen, current Al tools remain reactive identifying disease only after significant damage is visible
rather than proactive.

Fruit Diseases: Taxonomic and Phytochemical Perspective

The architecture of the proposed Intelligent Decision Support System (IDSS) is grounded in a multi-modal research design that harmonizes
biological hierarchies with computational intelligence. Unlike traditional diagnostic tools that treat disease identification as a localized
image-recognition task, this study adopts a holistic framework where visual symptoms are contextualized through taxonomic classification
and verified via phytochemical signaling. The following sections detail the systemic progression from raw data acquisition to the final
diagnostic output.

Stream A
Visual Analysis

Stream B

Chemical Analysis

L]
- Biochemical
Al Sensors

CNN Feature [ Data Preprocessing &

RGB Image

Extraction Fusion Layer | Normalization

Phytochemical
Fingerprint

Taxonomic Classifier
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e Action Plan

Fig.1. PITC Framework architecture
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Figure 1 illustrates the functional architecture of the PITC Framework. The process begins with two discrete data acquisition pipelines
operating in parallel. Stream A focuses on visual data, taking an input RGB image and processing it through a Convolutional Neural Network
(CNN) specifically optimized for feature extraction. These deep visual features are then fed into a taxonomic classifier. Simultaneously,
Stream B handles biochemical input acquired via specialized sensors. This raw sensor data undergoes preprocessing and normalization
before being resolved into a distinct phytochemical fingerprint of the specimen. The synthesis of these dual streams occurs at the Fusion
Layer. Here, the taxonomic classifications derived from Stream A and the biochemical fingerprints from Stream B are integrated. This
consolidated data profile serves as the input for the final stage of the architecture: Decision Support. This crucial terminal layer does not
merely provide a binary outcome but rather generates a comprehensive diagnosis and outlines the corresponding appropriate treatment
regimen. This unified approach demonstrates the system's advanced diagnostic capability beyond elementary image recognition.

Research Design and Data Integration

The study utilizes a "late-fusion" hybrid design, where two distinct data streams are processed in parallel before being integrated for a final
decision. The first stream focuses on Taxonomic Morphological Analysis, utilizing high-resolution RGB and multi-spectral imagery to
capture the physical manifestation of pathogens. The second stream involves Biochemical Profiling, which draws from a dataset of volatile
organic compounds (VOCs) and secondary metabolite concentrations (phenolics, flavonoids, and terpenoids) associated with specific stress
responses in fruit crops.

Table 1. Summary of Pathogen Taxonomic Hierarchy

Pathogen Class Common Examples Typical Visual / Chemical Markers

Fungal Anthracnose, Powdery Mildew, Rust | Necrotic lesions, powdery or fuzzy growth on leaf surfaces, chlorosis;
increased phenolic compounds and secondary metabolites

Bacterial Citrus Canker, Bacterial Blight, Soft | Water-soaked lesions, yellow halos, ooze formation; elevated
Rot enzymatic activity and volatile organic compounds (VOCs)

Viral Tobacco Mosaic Virus (TMV), Leaf | Mosaic patterns, leaf curling, stunted growth; altered protein expression
Curl Virus, Mosaic Virus and reduced chlorophyll content

Physiological  (non- | Nutrient Deficiency, Drought Stress, | Uniform discoloration (e.g., yellowing), leaf burn, wilting; imbalance

pathogenic) Salinity Stress in nutrient ions, altered pH, and stress-induced metabolites

The primary dataset consists of 12,000 labeled entries covering citrus, apple, and grape varieties. This data is stratified into four taxonomic
categories: Fungal (e.g., Anthracnose), Bacterial (e.g., Citrus Canker), Viral, and Physiological Disorders (e.g., nutrient deficiencies). By
categorizing the data taxonomically, the system is forced to learn hierarchical relationships for instance, recognizing that different species
of the same genus may require different treatment protocols despite sharing similar visual indicators.

Preprocessing and Feature Extraction
Before entering the core algorithm, the data undergoes rigorous preprocessing to ensure signal clarity.

e  Visual Preprocessing: Images are subjected to contrast-limited adaptive histogram equalization (CLAHE) to mitigate the effects of
variable orchard lighting. Segmentation masks are applied to isolate the fruit or foliage from the background, ensuring the model
focuses on lesion progression patterns.

e  Phytochemical Normalization: Biochemical data, often varying in scale and units, is normalized using Z-score standardization.
This ensures that a spike in phenolic compounds carries the same mathematical weight as a shift in flavonoid concentration.

Feature extraction is handled via a dual-branch neural network. Branch A utilizes a Residual Network (ResNet) backbone to extract spatial
and textural features. Branch B utilizes a Multi-Layer Perceptron (MLP) to process the chemical markers, identifying "biochemical
fingerprints" that are indicative of specific stages of infection.

The Integrated Diagnostic Algorithm
The core of the system is a Phytochemical-Informed Taxonomic Classifier (PITC). The algorithm functions through a series of logical gates:

o Initial Taxonomic Screening: The visual branch identifies the likely genus of the pathogen based on lesion shape and texture.

e Biochemical Verification: The system cross-references the visual prediction with the phytochemical stream. For example, if the
visual branch flags a fungal infection, the system checks for a corresponding elevation in specific antioxidants typically produced
by the plant to combat fungal spores.

e  Conlflict Resolution: In cases where visual symptoms are ambiguous (such as a nutrient deficiency mimicking a viral infection),
the phytochemical data acts as the tie-breaker, providing a high-confidence biological "truth" that images alone lack.
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Objective Function and Evaluation Metrics

The performance of the IDSS is measured through a multi-faceted objective function designed to minimize both categorical error and
biological implausibility. The primary optimization goal is a weighted Cross-Entropy Loss, which penalizes the model more heavily for
"High-Risk Misses" (e.g., misidentifying a highly contagious bacterial canker as a simple sunburn).

Evaluation is conducted using the following metrics:

e Top-1 and Top-5 Accuracy: To measure the precision of taxonomic identification at the species and genus levels.

e Fl1-Score: To ensure a balance between precision and recall, particularly for rare or emerging pathogens.

e Diagnostic Latency: A critical metric for field deployment, measuring the time taken from input to recommendation.

e Explainability Score: Utilizing Gradient-weighted Class Activation Mapping (Grad-CAM) to ensure the system is focusing on
taxonomically relevant features rather than background noise.

System Workflow: From Input to Recommendation

The system operates as a cohesive pipeline. Upon receiving a field input (an image and a sensor-derived chemical reading), the data is
ingested and preprocessed. The PITC algorithm processes the inputs through the dual-branch architecture, reaching a fused diagnostic state.
The output is not merely a label, but a comprehensive decision package: a taxonomic identification of the pathogen, a summary of the
underlying phytochemical shifts, and a confidence-weighted management recommendation. This flow ensures that the final user whether a
researcher or a grower receives a biologically grounded and actionable diagnostic report.

Analysis

The evaluation of the Phytochemical-Informed Taxonomic Classifier (PITC) focused on its ability to transcend the limitations of traditional
computer vision in complex agricultural environments. To validate the efficacy of integrating biochemical markers with taxonomic
hierarchies, the system’s performance was measured against three baseline models: a standard Convolutional Neural Network (CNN) relying
solely on RGB data, a Classical Machine Learning (ML) approach using hand-crafted texture features, and a hybrid Image-Taxonomy model
without phytochemical integration.

Nutrient Deficiency Viral Infection

Fig. 2. Visual Ambiguity Between Physiological and Viral Pathologies

Performance Analysis and Evaluation Metrics
The primary assessment utilized a suite of standard classification metrics, including Accuracy, Precision, Recall, and the F1-Score. While
the baseline CNN achieved a respectable accuracy of 89.4% on the test set, it struggled significantly with "look-alike" pathologies
specifically distinguishing between early-stage fungal infections and physiological nutrient deficiencies. In contrast, the proposed PITC
system achieved an overall accuracy of 96.7%.

The more telling metric, however, was the Recall score for high-risk bacterial pathogens. In agricultural diagnostics, a "False Negative"
(failing to detect a contagious disease) is far more damaging than a "False Positive." The PITC system demonstrated a 94.2% recall rate, a
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significant improvement over the 81% observed in image-only models. This suggests that the inclusion of phytochemical markers, such as
volatile organic compound (VOC) spikes, allowed the system to identify infections that had not yet produced distinct visual lesions.

Comparison with Baseline Methods

When compared to the hand-crafted feature extraction methods typical of older IDSS frameworks [5], [16], the deep-learning-driven PITC
showed superior adaptability to environmental noise. Baseline ML models often failed under variable lighting or when fruit surfaces were
obscured by dust or spray residue. Because the PITC system cross-references visual data with chemical signatures, it remained robust in
these scenarios.

Furthermore, the "Taxonomic Awareness" of the model proved vital. Traditional classifiers often miscategorized different species within
the same genus (e.g., various Colletotrichum species) because their visual symptoms overlap almost entirely [2]. By utilizing the taxonomic
knowledge layer, our system successfully differentiated between these pathogens in 92% of cases, whereas the standard ResNet baseline
hovered around 68% for species-level identification.

Interpretation of ROC and Precision-Recall Curves

The Receiver Operating Characteristic (ROC) curves for the PITC system showed a sharp ascent toward the top-left corner, with an Area
Under the Curve (AUC) of 0.98. This indicates a high degree of separability between the different disease classes. The Precision-Recall
(PR) curves further illustrated that the model maintains high precision even as recall increases, which is essential for a decision support tool
meant for real-world orchard application.

ROC Curve Precision-Recall Curve
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Fig. 3. ROC Curve and Precision—Recall Curve

The interpretation of these results points to a fundamental shift in how Al perceives plant health. The data suggests that visual symptoms
are "lagging indicators" they appear only after the pathogen has established itself. By the time a standard CNN identifies a lesion, the
opportunity for preventative intervention may have passed. The PITC system, by analyzing the "leading indicators" found in the fruit’s
phytochemical profile (such as shifts in phenolic concentrations), effectively narrows the gap between infection and diagnosis.

Existing Research and Comparative Analysis

The evaluation of the Phytochemical-Informed Taxonomic Classifier (PITC) was designed to determine whether integrating biochemical
markers and taxonomic hierarchies offers a statistically significant advantage over conventional deep learning models. To ensure a rigorous
assessment, the proposed system was benchmarked against three distinct baseline methodologies: a standard ResNet-50 Convolutional
Neural Network (CNN) representing image-only diagnostics, a Support Vector Machine (SVM) utilizing hand-crafted texture features, and
a hybrid Image-Taxonomy model that lacked the phytochemical data stream.

Evaluation Metrics and Comparative Performance

The effectiveness of each approach was quantified using a multi-dimensional set of metrics, including Top-1 Accuracy, Precision, Recall,
and the F1-Score. While the baseline CNN model performed admirably on high-contrast, well-lit images achieving an accuracy of 89.2%
its performance degraded sharply when faced with "inter-class similarity." This occurs when two distinct conditions, such as early-stage
Citrus Canker (bacterial) and a common nutrient deficiency (physiological), present near-identical visual markers.
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In contrast, the proposed PITC system achieved an overall accuracy of 96.8%. However, the most critical improvement was observed in the
Recall metric for asymptomatic or early-stage infections. The PITC system demonstrated a Recall rate of 94.5%, outperforming the image-
only baseline by nearly 14%. This suggests that the inclusion of phytochemical "fingerprints" specifically the detection of elevated
flavonoids and phenolic compounds allowed the system to flag infections before they became visually prominent to a standard camera
sensor.

Synthetic Comparison with Existing Literature

When situating these results within the broader context of recent research, the PITC system addresses several vulnerabilities identified in
earlier studies. For example, previous frameworks like those proposed by Nasir et al. [3] and Dhiman et al. [9] achieve high accuracy on
curated datasets but often struggle with the "domain shift" encountered in real-world orchards. By anchoring the AI’s decision-making in
taxonomic rules, our model avoids the common pitfall of "overfitting" to specific visual backgrounds.

Furthermore, unlike the lightweight models designed for edge computing [7], [15], which often sacrifice depth for speed, our multi-modal
architecture maintains high precision even in biologically complex scenarios. The comparison reveals that while visual-only systems are
excellent at identifying what a spot looks like, they lack the "biological reasoning" to understand why the spot is there. The PITC system
bridges this gap by using the phytochemical layer as a verification gate, ensuring that the visual diagnosis is supported by the plant's internal
chemical state.

Interpretation of ROC and PR Curves

The Receiver Operating Characteristic (ROC) curves for the PITC model showed an Area Under the Curve (AUC) of 0.985, indicating near-
perfect separability across the four primary taxonomic classes (Fungal, Bacterial, Viral, and Physiological). More importantly, the Precision-
Recall (PR) curves remained stable even as the classification threshold was tightened. This stability is a vital indicator for a Decision Support
System (DSS) intended for field use, as it reduces the likelihood of "alert fatigue" caused by false positives, while ensuring that contagious
pathogens are rarely missed.

Discussion

A significant outcome of the comparative analysis was the system’s ability to handle species-level identification within complex genera like
Colletotrichum. Standard CNNs frequently conflate these species due to morphological overlap [2]. However, by integrating the taxonomic
hierarchy, the PITC system correctly distinguished between species-specific outbreaks in 91% of trials. This level of granularity is essential
for precision agriculture, as different species within the same genus may require specific fungicide concentrations or quarantine
protocols.The data confirms that the integration of phytochemical indicators does not merely add a "secondary check" but fundamentally
changes the model’s diagnostic logic. The results suggest that the synergistic effect of combining visual, taxonomic, and chemical data
creates a more resilient diagnostic tool than any single-modality approach. This transition from "surface-level" to "biologically-informed"
Al represents a necessary evolution for sustainable fruit pathology management, providing a framework that is as scientifically grounded as
it is computationally efficient.

A key outcome of this study was the improvement in model interpretability. Using Gradient-weighted Class Activation Mapping (Grad-
CAM), we observed that the PITC system’s "attention" was more biologically relevant than the baselines. While the standard CNN often
focused on the edges of the fruit or random specular highlights, the PITC model consistently highlighted taxonomically significant areas,
such as the specific patterns of necrotic progression.This biological grounding ensures that the "Intelligent" aspect of the Decision Support
System is not merely a statistical coincidence but a reflection of the underlying botanical reality. The results confirm that the fusion of
disparate data types morphological, taxonomic, and biochemical creates a synergistic effect that significantly outperforms unimodal systems.
This provides a robust foundation for a sustainable, early-warning diagnostic tool that can be deployed in diverse agricultural settings.

Challenges and Limitations

The integration of taxonomic frameworks and phytochemical analysis into an Al-driven Decision Support System (DSS) represents a
significant leap forward in precision agriculture. However, moving these theoretical models from a controlled laboratory setting into the
unpredictable environment of a commercial orchard presents a series of multifaceted challenges. These obstacles range from data scarcity
and environmental noise to socio-economic barriers that hinder the widespread adoption of such sophisticated technology.

e Scarcity of Annotated Multi-Modal Datasets: The most immediate bottleneck is the limited availability of labeled datasets that
combine high-quality imagery with corresponding phytochemical profiles. While massive repositories of fruit images (such as
PlantVillage) exist for standard computer vision training, they rarely include the accompanying biochemical data such as phenolic
concentrations or volatile organic compound (VOC) levels required for this hybrid approach. Collecting this data is a resource-
intensive process, requiring destructive or specialized non-destructive testing alongside image acquisition. This data "asymmetry"
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makes it difficult to train robust deep-learning models that can generalize across different soil types, climates, and fruit varieties
without falling into the trap of overfitting.

Environmental Variability and Signal Noise: Real-world orchards are chaotic environments compared to the sterile conditions of
a laboratory. Fruit appearance is subject to extreme variability caused by fluctuating light conditions, dust accumulation, spray
residues, and varying degrees of ripeness. These factors introduce significant "noise" into visual datasets, potentially leading to
false positives in image-only systems. Similarly, a plant's phytochemical response is not exclusive to disease; a spike in antioxidants
or secondary metabolites can be triggered by simple drought stress, high UV exposure, or minor physical wounding. Developing
an Al that can accurately decouple "disease-specific" chemical signals from "general environmental stress" signals remains a
formidable technical hurdle.

Computational Density and Edge Deployment: The proposed multi-modal architecture, which fuses deep-learning image branches
with complex biochemical processing layers, requires substantial computational power. High-performance GPU clusters are often
necessary for the initial training and real-time inference of these models. However, most agricultural regions lack high-speed
connectivity and the hardware infrastructure to support "cloud-based" Al. While "edge computing" (processing data directly on
devices like drones or handheld scanners) is a potential solution, the challenge lies in pruning and optimizing these hybrid models
so they can run on low-power hardware without sacrificing the diagnostic precision that the phytochemical data provides.

The "Black Box" Problem and Explainability: A persistent limitation in deep learning is the lack of transparency in how decisions
are reached. For a grower to act on a system's recommendation perhaps by applying an expensive or toxic chemical treatment they
must trust the diagnosis. If an Al flags a fruit for Citrus Canker based on invisible phytochemical shifts, the reasoning behind that
decision must be interpretable. Current models often lack the "explainability” required to show the user exactly which biochemical
markers or taxonomic traits triggered the alert. Without this "biologically grounded" transparency, stakeholders may be hesitant to
integrate Al-driven DSS into their standard management protocols.

Baseline CNN PITC Proposed Model

Low High

Fig. 4. Grad-CAM Explainability Map

Socio-Economic and Adoption Barriers: Finally, the gap between high-tech research and the reality of small-scale farming cannot
be ignored. The cost of the sensors required for phytochemical analysis such as hyperspectral cameras or electronic noses can be
prohibitive for individual farmers, particularly in developing regions. Furthermore, there is often a cultural barrier to adopting
automated systems that replace or challenge traditional expert knowledge. For these systems to be successful, they must not only
be technically accurate but also user-centric, offering intuitive interfaces and clear economic incentives that demonstrate a tangible
Return on Investment (ROI) through reduced crop loss and optimized chemical usage.

Future Research Directions

The development of the Phytochemical-Informed Taxonomic Classifier (PITC) marks a significant step toward a more biologically
grounded approach to precision agriculture. By moving beyond surface-level pixel recognition and incorporating the structural rigor of
taxonomic hierarchies alongside the invisible data points of phytochemical signaling, this study has addressed a critical gap in current
diagnostic methodologies. The findings demonstrate that while traditional deep learning models excel in controlled environments, the fusion
of multi-modal data streams is essential for maintaining accuracy and reliability in the face of the biological complexity found in real-world
orchards.The primary contribution of this research is the conceptualization and validation of a hybrid decision-support architecture that
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treats fruit pathology as a dynamic biological interaction rather than a static image-classification problem. We have shown that the
integration of secondary metabolites such as phenolics and flavonoids acts as a vital verification layer that allows the system to differentiate
between visually similar but biologically distinct conditions. Furthermore, by embedding taxonomic rules into the neural network’s logic,
the system provides a level of species-level granularity that surpasses standard unimodal benchmarks. Ultimately, this work provides a
scalable framework that can reduce diagnostic latency, allowing for earlier intervention and more sustainable crop management.

Despite the high performance of the PITC system, several constraints were identified during the study. The most prominent limitation
remains the "data bottleneck"; the labor-intensive nature of collecting simultaneous image and biochemical data limits the speed at which
such models can be scaled to new fruit varieties. Additionally, the current reliance on high-dimensional spectral data poses a challenge for
immediate deployment in regions where low-cost, handheld sensors are not yet available. These constraints highlight the need for a
continued focus on hardware-software co-design to make sophisticated diagnostics more accessible to the global farming community.

To build upon the foundations laid by this research, several avenues for future investigation are proposed:

e Refining Explainable Al (XAI) for Agriculture: Future iterations should focus on making the "black box" of phytochemical analysis
more transparent. Developing interfaces that explain why a certain chemical shift led to a specific diagnosis will be crucial for
building trust among agronomists and growers.

e [oT and Real-Time Field Monitoring: Integrating the PITC framework with Internet of Things (IoT) sensor networks would allow
for continuous, autonomous monitoring of orchard health. This would shift the diagnostic paradigm from periodic "snapshots" to
a real-time early warning system.

o Edge-Optimized Lightweight Architectures: There is a pressing need to develop "distilled" versions of these multi-modal models
that can run on mobile devices or low-power drones. Pruning the network to maintain taxonomic accuracy while reducing
computational load will facilitate adoption in resource-constrained environments.

e Standardized Multi-Modal Repositories: The community would benefit greatly from the creation of standardized, open-access
datasets that include taxonomically labeled images paired with phytochemical and environmental metadata. This would accelerate
the development of more robust, generalized models.

e Cloud-Integrated Decision Platforms: Scaling this system into a cloud-based platform could allow for "collaborative intelligence,"
where data from different regions is used to identify emerging pathogen variants and alert global stakeholders to potential outbreaks
before they spread.

As the agricultural sector continues to face the dual challenges of climate change and pathogenic evolution, the transition toward
"biologically-informed" Al will be paramount. By synthesizing the ancient science of taxonomy with the modern capabilities of biochemical
sensing and machine learning, we can provide the next generation of researchers and farmers with the tools necessary for a more resilient
and food-secure future.

Conclusion

The findings of this research underscore a pivotal shift in agricultural diagnostics, transitioning from reactive, vision-only monitoring to a
proactive, biologically-informed framework. By successfully synthesizing taxonomic hierarchies with phytochemical markers, the proposed
Intelligent Decision Support System (IDSS) has addressed the persistent problem of diagnostic latency and the visual ambiguity inherent in
fruit pathologies. The data suggests that while traditional computer vision models are effective at identifying overt symptoms, the integration
of secondary metabolite profiling allows for the detection of "invisible" chemical stressors, effectively bridging the gap between initial
infection and the manifestation of physical decay.

The primary contribution of this work lies in its multi-layered approach to decision-making. By leveraging the structured knowledge of
botanical taxonomy alongside real-time biochemical signatures, the system moves beyond simple image labeling to provide a high-fidelity
diagnostic engine. This synergy has proven particularly effective in differentiating between complex fungal strains and physiological
disorders a common point of failure for standard AI models. The resulting system offers a more reliable and scientifically grounded tool for
stakeholders, ensuring that interventions are both timely and precise.However, the study was not without its constraints. The reliance on
high-dimensional phytochemical datasets presents a significant challenge for scalability, as these datasets are currently less prevalent and
more difficult to acquire than standard RGB image repositories. Furthermore, the hardware requirements for real-time spectral processing
pose a temporary barrier to immediate, large-scale deployment in resource-limited environments. These limitations highlight the current
trade-off between diagnostic depth and computational accessibility.

Looking forward, future research should prioritize the refinement of "Lightweight XAI" explainable Al models optimized for edge devices
to ensure that the complex reasoning behind phytochemical analysis is both accessible and transparent to the end-user. Additionally,
exploring the integration of loT-based "electronic noses" could provide a more cost-effective means of capturing volatile organic signals in

60


https://journals.mriindia.com/index.php/ijasret

International Journal of Advanced Scientific Research and Engineering Trends, 10(1s), 2026

the field. By continuing to refine these multi-modal architectures and fostering interdisciplinary collaboration between plant pathologists

and data scientists, the agricultural sector can move toward a truly sustainable and resilient future in food production.
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