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Abstract- Agriculture continues to be the backbone
of the economy in many developing nations, yet
smallholder farmers face persistent challenges in
managing irrigation and pest control. Traditional
irrigation methods are mostly based on guesswork or
fixed schedules, often leading to water wastage or
insufficient watering. similarly, pest and disease
infestations are usually identified too late, resulting
in major crop losses and excessive reliance on
chemical pesticides. While modern precision farming
system exists, they are often too expensive, too
complex, or inaccessible to farmers with limited
digital literacy. To overcome these barriers, this
paper proposes a smart farm voice assistant, an
integrated solution that combines internet of things
(I0T)devices, Artificial intelligence and Machine
Learning (AI/ML), and Natural Language
Processing (NLP). The system collects real-time soil
moisture and weather data through sensor and uses
an Al model to determine when irrigate is required.
Farmers can also capture crop leaf images, which
are analyzed by a pest detection model trained on
plant disease dataset. Instead of presenting technical
data, the system provides direct, actionable voice
instructions in the local language, such as “irrigate
today evening” or “spray neem oil for pest control”.
The key novelty of this approach lies in its ability to
combine irrigation scheduling and pest advisory in a
single, low-cost framework while ensuring
accessibility through voice interaction rather than
text-based alerts. The proposed voice assistance,
bridging the gap between technology and farmers
real needs.

L. INTRODUCTION
Farming continues to face long-standing challenges,
particularly for small and marginal farmers who form

the majority of the agriculture community. Issues such
as unpredictable weather, over-dependence on manual
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practices, security of water resources, and recurring
pest outbreaks significantly reduce productivity and
profitability.

One of the pressing problems in farming is inefficient
irrigation management. Farmers often irrigation fields
either too early or too late, leading to wastage of water
in some cases and crop stress in others. With
groundwater levels declining at alarming rates, there is
a need for data-driven irrigation practices that ensure
optimal water usage without compromising crop
growth. similarity pest and disease control remains a
major concern, as timely detection is difficult without
expert knowledge. Delayed identification of increase
production costs and harms the environment.

While modern precision agriculture solution attempt
to address these challenges, most of them are
expensive, complex, and text-based. Many
smallholder farmers are not comfortable reading
technical data or receiving instructions through SMS
alerts.

To address these challenges, this work proposes a
smart farm voice assistant, an intelligent farming
support system that combines internet of things (I0T),
Artificial Intelligence and Machine Learning
(AI/ML), and Natural language processing (NLP).
IOT sensors are used to collect real-time data on soil
moisture and weather conditions, which is processed
by Al models to determine the ideal irrigation
schedule. In addition, farmers can capture images of
crop leaves, and a pest detection model analyzes these
images to provide early warnings about potential
disease or infestations. The most significant feature of
the system is its ability to deliver real-time voice alerts
in the local language, offering farmers clear,
actionable guidance such as “irrigation today evening”
or “spray neem oil for pest control”.
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This system lies in its integration of irrigation
scheduling and pest management into a single low-
cost platform, combined with farmer-friendly voice
interaction. By simplifying access to advantage digital
farming tools, the smart farm voice assistant aims to
empower farmers with timely decisions, conserve
natural resources, reduce dependence on chemical
inputs, and ultimately improve crop yield and
sustainability.
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Recent advancement in artificial intelligence (Al),
internet of things (IOT), and natural language
processing (NLP) have significantly transformed
agricultural ~ system, enhancing  productivity,
sustainability, and decision-making. The following
section reviews key research contributions relevant to
the proposed smart farm voice assistant system.

Han et al. introduced the concept od edge Al for smart
agriculture, enabling real-time data processing and
decision-making closer to the field. Their research
emphasizes low- latency analysis of environment data,
reducing dependence on cloud network while
improving the responsiveness of precision farming
systems, this study establishes the important of
localized intelligence for time-sensitive agriculture
applications [1].

Sridharan and Rajesh proposed an intelligent voice-
enabled agricultural advisory system that integrates Al
and NLP for delivering personalized
recommendations to farmers. The system interprets
natural language queries and provides context-aware
responses, demonstration how voice interfaces can
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bridge the technological gap in rural farming
environments [2].

Singh et al. designed a low-cost smart irrigation
system utilizing IOT sensors and cloud integration to
optimize water usage. Their model features automated
control mechanism and efficient scheduling based on
real-time soil moisture and temperature data, ensuring
sustainable water management in agriculture [3].

Kumar and Senthil developed an NLP-based voice
assistant for agriculture advisory, capable of
understanding farmer queries and responding in
natural languages. Their work highlights the
significance of conversation Al in rural areas and sets
the foundations for multilingual support and adaptive
responses in smart farming systems [4].

Kumar et al. presented a comprehensive survey on
smart farm voice using IOT and machine learning,
covering sensor network, cloud data management, and
predictive analytics. They identified challenges such
as interoperability, security, and scalability,
emphasizing the need for robust architecture that can
support Al-driven agricultural systems [5].

Maddi Kunta et al. conducted an extensive review on
deep learning application in smart agriculture.
Discussing various neural network models for crop
classification, pest detection, and yield estimation.
Their survey emphasizes that Al- based decision-
making significantly improves accuracy and
operational efficiency in agriculture processes [6].

Rawal and Singh developed an IOT-based smart
agriculture system that integrates weather forecasting
and crop prediction using machine learning
algorithms. Their system combines environment
sensing with predictive modeling enabling proactive
decision-making for irrigation and disease prevention

[7].

Jagadeesan and Anuradha implemented a smart
agriculture system using IOT and machine learning,
focusing on automated monitoring of soil parameter
and crop health. The system demonstration improved
accuracy in detecting unfavorable conditions and
supported decision making through real-time data
analytics [8].
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Proposed methodology

The proposed smart farm voice assistant integrates
10T-based sensing, Artificial Intelligence, and Nature
Language processing to provide farmers with timely
irrigation and pest control guidance. The complete
framework is divided into functional modules for
better clarity and efficiency.

A. Sensing unit- The sensing unit is responsible for
capturing environment and soil-related data. Soil
moisture sensors measure the water content of the
soil, while weather sensors record temperature,
humidity, and rainfall patterns. These sensors are
deployed directly in the field and connected to a
microcontroller that collects the raw signals.

B. Irrigation decision modules- The processed sensor
data is analyzed by a machine learning model that
determines whether irrigation is required. The
algorithm compares soil moisture and weather
conditions with crop-specific thresholds to identify
the optimal watering schedule. Instead of
triggering irrigation immediately, the system
recommends the best time for irrigation, the system
recommends the best time for irrigation, thereby
conserving water and preventing over-irrigation or
under-irrigation.

C. Pest detection module- In addition to irrigation
support, the system also incorporates pest and
disease detection. Farmers can capture images of
crop leaves using a smartphone or a low-cost
camera. These images are fed into a convolutional
neural network (CNN)-based Al model trained on
agriculture pest and disease datasets. The model
classifies the images as either healthy or infection
and further identified the specific pest or disease.
The output is then converted into actionable
advice, such as recommending organic or chemical
treatments.

D. Voice assistance module- The most significant
innovation of the system lies in its voice-based
interaction. Instead of sending text messages or
displaying data, the results are translated into real-
time voice alerts in the local language. Natural
language processing (NLP) and text-to-Speech
(TTS) engines convert the Al output into clear,
Farmer-Friendly sentences. For instance, the
farmer may hear “irrigation the field today
evening” or “spray neem oil for pest control.

E. User interaction and accessibility- The system is
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designed to be simple, low-cost, and scalable.
Farmers can access it through a mobile application
or a voice-enabled IOT device installed in the
farm. The architecture supports local data
processing to minimize dependency on internet
connectivity, ensuring reliability in rural areas.
Furthermore, the modular design allows the
integration of additional features such as fertilizer
recommendations, weather-based alerts, and
predictive analytics in the future.

F. Block diagram explanation-The functional
workflow of the system can be represented in a
block diagram with the following stages

L.input layer (sensors and farmer input):

Soil moisture, temperature, and humidity sensors
continuously capture real-time date from the farm.
Farmers provide optimal image inputs of crop leaves
for pest analysis.

2.Processing layer (microcontroller and Al models);
Sensors signals are digitized and sent to the processing
unit. Machine learning algorithm evaluates soil and
weather data to decide irrigation schedules. The CNN
models process crop leaf images to detect pests and
classify plant health conditions.

3. Decision layer (Al and Rules engine):

The system generates actionable recommendations
such as “irrigate today evening” or “spray organic
pesticide”.

4. Communication layer (voice and app alerts):
NLP and TTS convert through speakers in the field or
a mobile app, ensuring immediate farmer action.

System workflow-

Step 1: Sensors continuously monitors soil and
weather parameters.

Step 2: Data is collected and processed by the
microcontroller.

Step 3:Al models analyze the data to determine
irrigation needs and identify pests

Step 4: Outputs are converted into voice alerts using
NLP and TTS engines
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Step 5: Farmer receive real-time advisories in their
local language and act accordingly.

Sensors
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Smart Farm Voice Assistant

NLP Components Used

Speech-to-text (ASR)- Convert farmer’s voice
commands into text.

Internet Recognition (NLU)- Understands what the
farmer wants

Dialogue Manager- Maps intent to action

Text Generation- Creates response messages for
farmers.

Text-to-Speech- Convert text responses into voice
output for farmers.

Algorithm

Smart form voice assistant for irrigation and pest
control.

Input: Sensor reading (soil moisture, temperature,
humidity), crop leaf images

Output: voice advisory in local language for irrigation
or pest control.

Stepl: Collect real-time soil and weather data using
10T sensors.

Step 2: Capture leaf images using ESP32-CAM
module.

Step 3: Store sensor reading and images in cloud
database.

Step 4: preprocess and label data for analysis and
model training.

Step 5: Train CNN model for pest and disease
classification.

Step 6: Predict pest or disease from new images input.
Step 7: Analyze sensor data to determine irrigation
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need.

Step 8: Generate text-based advisory messages based
on Al output.

Step 9: Convert text messages into voice using NLP
Step 10: Deliver real-time voice alerts to the farmer.
Step 11: Store farmer feedback and update system
periodically.

Signal conditioning and transmission

This subsection describes how raw sensors signals
from the field are converted into reliable digital
measurements, how those measurements are pre-
processing/assistive modules.

1.Signal Conditioning

Sensors used in the system include soil moisture
probes temperature sensors, humidity sensors, and
low-cost cameras for leaf images. Before the
microcontroller or ADC reads sensors outputs, the
analog signals must be conditioned to remove noise,
scale voltages, and protect inputs.

2. Buffering/ impedance matching

Use a unity-gain op-amp buffer between high-
impedance capacitive moisture probes and the ADC to
avoid measurement errors and loading effects.

3.Amplification/ level shifting.

If the sensor’s output span is less than the ADC input
range, use a non-inverting amplifier to scale the signal
to the ADC full scale. For sensors with bipolar outputs,
apply level shifting so the microcontroller sees only 0
V ref voltages.

4.Low-pass filtering

Place a simple RC low-pass filter before the ADC to
remove high-frequency spikes caused by switching,
EMI, or pump motors. Typical cutoff frequencies: 0.1-
1HZ for slowly varying signal ,5-10 Hz for faster
Sensors.

5.0vervoltage and ESD protection

Use series resistors and clamping diodes (or TVS) to
protect ADC inputs from surges and transient events
common in outdoor installations.

6.Multiplexing
If multiple analog sensors share one ADC, use an
analog multiplexer with a short setting time and ensure
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extra acquisition time for the channel to settle after
switching.

7.Calibration

Perform field calibration: dry reference, saturated
reference and two intermediate points to map raw
ADC counts to volumetric water content (VMC) or %
moisture. Store calibration coefficient in nonvolatile
memory.

8.Data acquisition and ADC

ADC resolution and sampling

Use at least a 12 Bit ADC (4096 steps) for analog
sensors 16 Bit preferred if high precision or long -term
trend detection is required. Sampling for slowly
varying parameters sample every 15-60 minutes; for
transient events sample at 1-5 HZ during events.

9.Averaging and oversampling

Take N rapid samples and compute an average to
reduce quantization noise. Use oversampling and
decimation if extra effective resolution is desired.

10.Time stamping

Attach local timestamps (RTC) to measurements for
synchronization. If RTC is unavailable, not relative
time and sync when connectivity is available.

Local processing and edge filtering

To reduce transmission costs and increase reliability,
perform lightweight processing on the microcontroller
(edge):

Thresholding & hysteresis: compare filtered values to
crop-specific thresholds with hysteresis to avoid
oscillatory alerts.

Event detection: send data only on events and periodic
heartbeats.

Compression & aggregation: aggregate minute/hourly
samples into summary statistics before sending.
Image pre-processing: downscale and compress leaf
images and optionally run a lightweight CNN on-
device to reduce payloads. If using a gateway SBC,
run the full CNN locally.

Range: several kilometers. Low data rate ideal for
periodic sensor data and small event messages. Edge
device transmits JSON telemetry packets to a LoRa
gateway, which forward to cloud or local server. Use
confirmed uplinks for critical alerts (ACK) and
adaptive data rate (ADR) to conserve energy.

2.NB-IOT/LTE-M

Suitable where cellular coverage exists and moderate
payloads are required. Provides good coverage and
secure connectivity.

3.GSM/GPRS (fallback)

Widely available can be used for SMS alerts or small
transmission when other LPWAN in not possible.
Useful as backup to deliver voice/SMS advisories.

Reliability and security

Power management is achieved through duty cycling
of sensor and solar-powered batteries. Watchdog
timers ensure fault recovery, and redundant SIM
options may be used for gateway. Data security is
ensure using encryption, authentication, and secure
firmware updates, protection, both device integrity
and transmitted information.

organic pesticide for leaf miner”.
11 RESULTS AND DISCUSSION

The proposed smart farm voice assistant was
implementer in a prototype farm setup, integrating soil
moisture, temperature, and humidity sensors along
with a low-cost camera foe crop imaging. The system
performance was evaluated across three main criteria:
sensor accuracy, Al-based pest detection, and voice
alert responsiveness.

1.Sensor data accuracy

The soil and environmental sensors were calibrated
against standard laboratory instruments.

Sensor type | Standard Sensor Error
Wireless transmission and communication protocols reading reading (%)
Choice of transmission technology depends on range, Soil 35% 34.5% 1.43%
power budget, and local infrastructure. Recommended moisture
options: temperature | 28°C 28.2°C 0.71%
1.LoRa/LoRa WAN:
IRE 1712184 ICONIC RESEARCH AND ENGINEERING JOURNALS 1395



© NOV 2025 | IRE Journals | Volume 9 Issue 5 | ISSN: 2456-8880
DOI: https://doi.org/10.64388/IREV9I5-1712184

humidity 65% 64.7% 0.46%

DISCUSSION:

The low percentage errors demonstrate reliable
sensing suitable for real-time monitoring. Minor
deviations are negligible for irrigation decision-
making

2.Al-Based pest and disease detection

The CNN model for leaf image analysis was tested on
a dataset of 200 crop images with various pest/disease
condition.

Metric Value

Accuracy 92%

Precision 90%

Recall 88%

F1-Score 89%
DISCUSSION:

The high accuracy and F1- score indicate effective
detection of common pests and diseases.
Misclassifications were mainly due to partially
occluded leaves or low-resolution images, suggestion
that higher-resolution imaging could further improve
performance.

3. Voice alert Responsiveness

The NLP and TTS modules delivered real-time
recommendations through a mobile application and a
voice -enabled IOT device. Average end-to-end
response time from sensing to voice alert was 3.2
seconds.

DISCUSSION:

The prompt response ensure that farmer receive
actionable advice quickly. Local-language support
increased usability, particularly for farmers unfamiliar
with technical terminology.

4. Overall system performance

The integration of IOT sensors, AI and NLP
effectively convert raw farm data into farmer-friendly
recommendations. The modular design allows
scalability, additional sensor or AL models (fertilizer
recommendation or yield prediction) can be added
with minimal redesign. Wireless communication using
LoRs and NB-IOT demonstrated reliable coverage
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over distance up to 1km, suitable for small-to medium-
sized farms.

CONCLUSION

The proposed smart farm voice assistance successfully
integrates IOT sensing, Al-based decision-making,
and natural language voice integration to provide real-
time, actionable recommendations to farmers.
Through experimental evaluation, the system
demonstrated

1.High accuracy and reliability

Environmental sensor exhibited minimal error
(<20%), ensuring precise monitoring of soil moisture,
temperature, and humidity for informed irrigation
decisions.

2. Effective Al-Based analysis

The CNN-based pest and disease detection model
achieved over 90% accuracy, enabling timely
identification of crop health issues and reducing
potential yield loss.

3.Rapid voice alerts

End-to End response time from sensing to farmer
notification averaged 3.2 seconds, providing
immediate and user-friendly guidance in the local
language.

4.Robust system integration

wireless communication using LoRa, NB-IoT, and
Wi-Fi ensure reliable data transmission across typical
farm distance, while the modular design allows for
easy expansion with additional sensors orAl models.

The system transforms complex environmental and
crop data into simple, understandable architecture
makes it suitable for deployment in small -and
medium-scale farms, particular in rural region with
limited access to agricultural experts.

FUTURE WORK

The system can be further enhanced by integrating
weather forecasting, predictive yield analysis, multi-
crop monitoring, and high-resolution imaging for
improved pest detection. Such enhancement would
enable more comprehensive precision agriculture
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solutions, contributing to sustainable farming
practices and improved crop productivity.

SUMMARY

The smart farm voice assistant provides an effective,
intelligent and accessible platform that bridges the gap
between advanced technology and practical farming
needs, demonstrating significant potential for modern
agriculture management.
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