An End-to-End Multimodal Voice Interface and Dynamic Policy Knowledge Graph Architecture for Crisis Mitigation in Low-Resource Agricultural Demographics
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1 INTRODUCTION
HE deployment of digital platforms in precision agricul-ture has significantly enhanced supply chain visibility, machine allocation, and crop management over the past decade. However, a significant systemic gap persists at the intersection of technology design and user accessibility within developing rural economies. Mobile solutions fre-quently mandate advanced textual literacy and digital pro-cedural knowledge, isolating the vulnerable demographicsT

that require these systems most acutely.
Furthermore, current agricultural systems operate purely on functional agronomic parameters (e.g., soil mois-ture indicators, pest taxonomy matching). They lack internal computational mechanisms to process systemic distress in-puts, such as total crop failure, predatory debt cycles, or imminent psychological crises. When a farmer undergoes severe economic or mental trauma, traditional systems fail to bridge the unstructured declaration of distress with struc-tured, real-time institutional and resource interventions.
To address these limitations, this paper introduces an integrated, voice-first autonomous computing architecture designed to facilitate both peer-to-peer equipment pro-
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curement and real-time crisis mitigation without requiring textual interaction. The core scientific contributions of this work are summarized as follows:
· We design a textless, audio-to-intent NLU pipeline optimized for low-resource regional dialects that translates raw speech directly into actionable rela-tional data models.
· We introduce a mathematical formulation for a continuous Crisis Urgency Index (CUI) to classify immediate human distress from natural language waveforms.
· We present a dynamic semantic Policy Knowledge Graph traversal technique that maps unstructured distress vectors directly to localized government fi-nancial and psychological relief policies.
· We construct a Multi-Objective Resource Scheduler modeled as an NP-hard optimization problem to minimize distance and financial thresholds for au-tomated equipment rental logistics.

2 RELATED WORK
2.1 Agricultural Conversational Systems and ASR
Prior implementations of conversational interfaces within agricultural domains demonstrate the utility of natural lan-guage processing for executing targeted agronomic queries.

However, these systems fundamentally rely on structured dialogue state tracking systems and keyword-dependent taxonomies. Recent studies underscore the performance degradation of generic state-of-the-art ASR models when exposed to high-noise acoustic environments typical of rural areas, or non-standard syntax within low-resource regional dialects.

2.2 Knowledge Graphs and Resource Optimization in Smart Farming
Knowledge Graphs (KGs) have been widely adopted to structure pest and disease data vector spaces. Concurrently, peer-to-peer machinery sharing platforms have treated vendor-to-farmer matching as a standard geographic prox-imity problem. These models consistently fail to integrate the real-time socio-economic status or psychological ur-gency parameters of the target node into the routing or pric-

[0, 1]. If CUI ≥ 0.85, the state engine interrupts standard procurement execution and redirects the data payload to the crisis mitigation module.

3.3 Semantic Policy Mapping via Knowledge Graph Traversal
The crisis mitigation engine utilizes a Dynamic Policy Knowledge Graph (DP-KG). The graph is defined formally as G = (E, R), where E is the set of entity nodes consisting of Anomalies and Policy Interventions, and R represents directed, typed semantic edges.
When an acute financial or psychological alert is flagged (CUI ≥ 0.85), the system computes the directional cosine similarity between the latent input vector VT and the vec-torized node attributes VP within the graph topology:

ing optimization matrix, resulting in sub-optimal resource dispatch during critical seasonal windows.VT	VP


Similarity(VT

, VP

) =	VT · VP

(4)



3 PROPOSED SYSTEM ARCHITECTURE
The system architecture is organized into three pipeline modules that process acoustic signals, analyze semantic intent, and optimize resource routing without requiring manual user configurations.

3.1 Low-Resource Voice Processing and Acoustic Pipeline
The user interface bypasses standard text fields entirely. The raw audio waveform A(t) captured via the mobile device microphone is downsampled to a mono-channel, 16 kHz pulse-code modulation (PCM) signal. This signal passes through a deep encoder block built on a fine-tuned wav2vec2 architecture that maps raw acoustic vectors into localized phonetic representations:

The engine traverses G down the path of maximum similarity, automatically extracting the relevant institutional policy parameters, claims procedures, and crisis help-line nodes.

3.4 Multi-Objective Vendor Resource Scheduler
For standard operational intents, the procurement pipeline resolves the matching matrix. Given the live GPS coor-dinates of the farmer (Latf , Lonf ), the system calculates the geodesic distance D(x) to all available regional vendor nodes x ∈ X using the Haversine metric.
The optimal vendor node x∗ is selected by solving a multi-objective optimization minimization function J(x):

min J(x) = α · D(x) + β · C(x) − γ ·  CUI	(5)

T = Decoder(Encoder(A(t)))	(1)

x∈X



τ (x)

Where T represents the transcribed textual string in the targeted regional dialect.

3.2 Semantic Slot-Filling and Crisis Urgency Estima-tion
Once T is computed, it is passed concurrently through a sequence-labeling Transformer head for joint intent classifi-cation and Named Entity Recognition (NER). The text T is mapped to an internal semantic slot structure S:

Where C(x) represents the unit operational cost rate of vendor x, τ (x) denotes the estimated time of arrival (ETA), and α, β, γ are structural weight parameters dynamically calibrated based on localized resource constraints.


4 METHODOLOGY AND IMPLEMENTATION
The proposed architecture was prototyped using an asynchronous microservices framework. The voice acous-

S = {e1 : Equipment[image: ]Type, e2 : Temporal[image: ]Constraint, e3 : OptitmicizpartoiocnessMinegtrilcayer was developed in Python utilizingspecialized frame}works to load a fine-tuned multilingual


(2)
Simultaneously, the continuous linguistic embedding of the statement (VT ) is evaluated by a dense linear layer bound by a Sigmoid function to derive the numerical Crisis Urgency Index (CUI):
CUI = σ(Wc · VT + bc)	(3)
Where Wc and bc represent the trained weight matrix and bias vector for crisis feature extraction, and CUI ∈

checkpoint optimized for regional South Asian languages. The downstream Policy Knowledge Graph was constructed inside a Neo4j graph database instance, mapping 140 dis-tinct central and state government agricultural aid config-urations. Spatial querying for the Multi-Objective Resource Scheduler was handled via a PostgreSQL instance equipped with PostGIS extensions to process spatial metrics. Algo-rithm 1 describes the sequential operational pipeline of the implemented system.



Algorithm 1 Voice-Driven Dialogue and Resource Alloca-tion Routine	 Require: Raw voice input signal A(t), Location Coordinates
(Latf , Lonf )
Ensure: Localized Text-to-Speech (TTS) synthesis response vector
1: T ← Execute[image: ]ASR(A(t))
2: S, VT ← Extract[image: ]Slots[image: ]And[image: ]Embeddings(T )
3: CUI ← σ(Wc · VT + bc)
4: if CUI ≥ 0.85 then 	 

2) 
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5:	P ∗ ← argmaxP

  VT ·VP 
[image: ]VT [image: ] VP [image: ]

6:	Response ← Query[image: ]DP-KG[image: ]Policy[image: ]Node(P ∗)
7: else8:	x ← arg minx∈X hαD(x) + βC(x) − γ	 i

∗	CUI
τ (x)
9:	Response ← Generate[image: ]Procurement[image: ]Payload(x∗)
10: end if
11: Audio[image: ]Out ← Synthesize[image: ]TTS(Response)
12: return Audio Out

TABLE 1
Intent Classification and Intent Slot-Filling Performance

	Architecture Model
	Precision
	Recall
	F1-Score

	Keyword-Baseline (Regex)
	0.621
	0.543
	0.579

	Semantic Frame Parsing
	0.784
	0.712
	0.746

	Proposed Audio-NLU Pipeline
	0.923
	0.906
	0.914




5 EVALUATION AND RESULTS
The proposed architecture was evaluated against standard keyword-based query matching configurations across simu-lated voice datasets consisting of 1,200 non-standard, noisy rural audio captures.
As documented in Table 1, the proposed continuous multi-layered NLU processing architecture outperformed traditional keyword baseline frameworks, yielding a macro F1-score of 0.914. Moreover, the path traversal optimization algorithm applied within the Dynamic Policy Knowledge Graph achieved a significant 41.2% reduction in latency during path routing for urgent financial crises, dropping from an average baseline search response latency of 4.82 seconds down to 2.83 seconds.

6 CONCLUSION AND FUTURE WORK
This paper presents an integrated computational architec-ture that bridges the gap between textless user accessibility and deep algorithmic crisis intervention for agricultural populations. By replacing graphical configurations with a robust ASR-to-NLU voice processing sequence, the frame-work enables non-literate farmers to execute equipment pro-curement tasks and access critical crisis policies intuitively. Future research will focus on the deployment of decentral-ized federated learning paradigms across edge mobile nodes to maximize user data privacy.
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