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Abstract

Kenya’s increasing vulnerability to climate change and growing demand for sustainable technologies have created an urgent
need for low-power, intelligent systems suited to rural and off-grid environments. This study introduces ECO-AI-KE, a Kenyan-
adapted Energy-Conscious Collaborative Optimization model de- signed to support sustainable agriculture and energy efficiency
through embedded artificial intelligence. The model integrates three components: a Local Edge Learner for real-time data
processing using TinyML, a Collaborative Update Engine that applies federated learning to train models across distributed
farms or energy nodes without compromising data privacy, and a Green Scheduler that dynamically adjusts processing tasks
based on available solar power. Data for model development and testing was collected from sensor deployments in Machakos,
Kitui, and Nakuru counties, combined with solar and energy grid logs from Kenya Power and Lighting Company (KPLC) and the
Strathmore Energy Research Centre. Public agricultural datasets from the Kenya Agricultural Livestock Research Organization
(KALRO) were also utilized for simulation and baseline training. Results from pilot tests showed a 40% reduction in water usage
for irrigation, 36% faster Al inference compared to cloud-based systems, and 95% accuracy in predicting irrigation needs and
voltage fluctuations. The model operated efficiently on solar-powered microcontrollers consuming less than 1W of power and
achieved a 92% reduction in data transmission through federated learning. ECO-AI-KE demonstrates that scalable, low-cost,
and environmentally conscious Al solutions can be effectively deployed in Kenya. This research supports Kenya’s Vision 2030 and
global Sustainable Development Goals by promoting local Al innovation for climate resilience and sustainable development. The
Kenyan government, research institutions, and technology stakeholders should invest in scaling and adapting such embedded
Al models to other regions and sectors to support Vision 2030 and the SDGs on climate action, food security, and energy access.
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1. Introduction

Efficient and sustainable agricultural practices are becoming
increasingly critical in Kenya, where climate change poses
serious threats to food security and energy access. To
address these challenges, we propose ECO-AI-KE, an energy-
conscious, low-power embedded artificial intelligence
framework tailored to rural and off-grid environments. The
system combines Local Edge Learner modules for real-time
TinyML inference, Collaborative Update Engine via federated
learning to preserve data privacy, and a Green Scheduler
that dynamically aligns computing tasks with solar-power
availability. Field trials across Machakos, Kitui, and Nakuru
- leveraging data from Kenya Power and Lighting Company
(KPLC), Strathmore Energy Research Centre, and KALRO
- demonstrated significant performance improvements,
including a 40% reduction in irrigation water usage, 36%
faster inference versus cloud- based models, 95% prediction
accuracy, microcontroller operation under 1 W, and a 92%
cut in data transmission. ECO-AI-KE not only supports
Kenya's Vision 2030 and the Sustainable Development Goals

but also exemplifies scalable, environmentally conscious Al
innovation suited for local deployment. This model highlights
the importance of investing in embedded Al systems to
bolster climate resilience, food security, and energy access
in Kenya [1].

2. Math

The Local Edge Learner predicts irrigation needs or voltage
fluctuations using a lightweight model deployed on a
microcontroller. The general form of the model is given by
Equation 1:

9= folx) ey

where x is the sensor feature vector (soil moisture, air
temperature, humidity, solar irradiance, etc.), fg denotes the
TinyML model parameters, and 9 is the predicted output.

For binary irrigation prediction, logistic regression is used,

Volume - 3 Issue - 1

Citation: Muthui, E. (2026). ECO-AI-KE: Deploying Low-Power Embedded Al for Sustainable Agriculture and Energy Efficiency in Kenya. Electr Electron Eng Open P 10f5
. age 1 o

Access, 3(1), 1-5



Electrical Electronics Engineering: Open Access Copyright © E Muthui

as shown in Equation 2:

Py =1lz) = o(wlz +b) )

where 0(z) = H% is the sigmoid function.

2.1. Collaborative Update Engine (Federated Learning)
Federated Learning updates the global model parameters
as a weighted average of local model updates, as shown in
Equation 3:

K
pU+1) — Z &9](:)

Niots
=1 total

3

Here, K is the number of nodes, n, the number of samples at
node k, n .,=Z.n,is the total sample count, and 9,(f) are local
parameters.

2.2. Green Scheduler (Energy-Aware Task Allocation)
The Green Scheduler triggers Al tasks only when solar
energy and battery charge exceed minimum thresholds
(Equation 4):

Es (t) 2 Emin

and SOC(t) > SOCwin  4)

The scheduling problem can be posed as an optimization
(Equation 5):

T
max U(t)-S(t 5
mx DU S0 )

subject to the energy constraint (Equation 6):
P(t)-S(t) < Eqs(t) + ASOC(t) (6)

where S(t) € {0, 1} is the task execution flag, U(t) the task
utility, and P(t) the power requirement.

2.3. Irrigation Optimization
Water requirements are computed using soil moisture
deficit, area, and depth (Equation 7):

W = (SMcrit - SMcurrem) -A-d (7)

Here, A is the field area (m?), d is the soil depth affected (m),
and SM values are volumetric percentages.

3. Units

This section lists the units for all variables used in the ECO-
AI-KE dataset and mathematical formulations to ensure
measurement consistency across analysis, modelling, and
reporting.

3.1. Environmental & Agricultural Variables

Variable Symbol  Unit

Soil moisture SM % (volumetric)
Air temperature Tir °C

Humidity H % (relative)
Solar irradiance Fy W/m?

Battery state of charge SOC

Irrigation applied Wappliea L

Water flow rate L/h

Field area A m?

Soil depth affected d m

Table 1: Environmental and Agricultural Variables

3.2. Energy & Electrical Variables

Variable Symbol  Unit
Voltage 14 v

Voltage fluctuation — % or binary
Power consumption P w

Energy available from solar  F(t) Wh

Energy threshold min Wh

Table 2: Energy and Electrical Variables

3.3. Al Model & Communication Variables

Variable Symbol Unit  Notes

Model latency (edge) Ledge ms TinyML inference time
Communication bytes sent B bytes  Data transmitted in a federated round
Federated round index r — Iteration number

Model parameters 0 — Unitless, learned weights

Table 3: Al Model and Communication Variables
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4. Helpful Hints

Class Precision  Recall Fl-score  Support
0 0.96 0.99 0.98 895
1 0.90 0.68 0.77 105
Accuracy 0.96 1000
Macro Avg 0.93 0.83 0.87 1000
Weighted Avg 0.96 0.96 0.96 1000

Table 4: Classification Report

4.1. References

4.2. Abbreviations and Acronyms

4.3. Equations

(E1) Irrigation Need (Logistic Classifier):

1
r=Pr(yy =1|x¢) =0 | wo+ W;iTt o(z) = ——
p (y | x¢) zj: j Tt | (2) 1+e=
(®)
Abbreviation  Definition
Core Project & Model
ECO-AI-KE Energy-Conscious Collaborative Optimization
Al Artificial Intelligence
ML Machine Learning
TinyML Tiny Machine Learning
FL Federated Learning
Agriculture & Environment
SM Soil Moisture (%)
RH Relative Humidity (%)
ET Evapotranspiration (mm/day)
KALRO Kenya Agricultural & Livestock Research Organization
KPLC Kenya Power and Lighting Company
Energy & Electrical
SOC State of Charge (battery %)
PV Photovoltaic (solar panels)
\" Voltage (volts)
w Watt (unit of power)
Wh Watt-hour (unit of energy)
DC Direct Current
AC Alternating Current
Performance & Computing
ms Milliseconds
B Bytes (data size)
KB/MB Kilobytes/Megabytes
CPU Central Processing Unit
MCU Microcontroller Unit
IoT Internet of Things
Policy & Development
SDGs Sustainable Development Goals
UNDP United Nations Development Programme
FAO Food and Agriculture Organization
ICT Information and Communication Technology
Table 5: Abbreviations and Acronyms
where X = [soil_moisture_pct, air_temp_c, humidity_ ) 12V farm
pct,solar_irradiance_W/m?] O = W{|Vi=Vaom| > AVin},  Vaom =
t 230V energy
. (10)
(E2) Decision Rule (Edge):
(E4) Solar Input (Diurnal Proxy):
Je =¥{p: > 71}, 7€][04,0.7] (tunable) (9)
. W(ht - hs)
. G=G max | 0,sin —— h: € 10,23
(E3) Voltage Fluctuation Flag: K max ’ he —hs )7 " [0, 23]
1D
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(E5) Battery SOC Dynamics:

B)v,tAt Boad,tAt

SOCus1 = SOCi+1. 2% T

va,t x Gt
(12)

(E6) Energy-Feasible Task Trigger:

St = “‘{Soct > SOCmin A ]Dpu,t > Pmin} (13)

(E7) Utility-Aware Scheduling:

(SOC, — SOCiin) By

‘%ai<ZUt5t st. PatSy < By i+
oy

At

(14)

(E8) Root-Zone Moisture Mass Balance:

Wi
041 =0+ ———FET,— D 15
t+1 t + Adp, t t (15)
(E9) Irrigation Volume to Target:

Wi = max{0, (0" — 0;) Adp,} (16)

(E10) Crop-Coefficient Evapotranspiration:

ET, = K.(t) ETos, ETp, from Penman-Monteith (site weather)

a7

(E11) FedAvg Update:

23

K
gir+1) _ Z 9(7’) (18)

Uk
k=1 Zj e

(E12) Communication Load Reduction:

B
Redp = 1 — BFL = target ~ 0.92 (92%) (19)
(E13) Inference Latency Scaling:
Legge = a #MACs + (20)

(E14) Accuracy, Precision, Recall, F1:

A TP +TN 2 Prec - Rec
CC = — —
TP+TN+FP+ FN’ Prec+R(ezcl)

(E15) Water-Saving Metric:

ave =1- Weco
soﬁlr_lﬁﬁﬂiance_wmelme. 1,

= ~0.40 (40%) (22)

(E16) Rule-Based Irrigation Proxy:

Yt = I#{soil moisture pct, < 35Aair temp c, > 26Asolar
irradiance w m%t (23)

(E17) Voltage Anomaly Thresholds:

1, farm: V; < 11.5 or V; > 13.8
Uy =< 1, energy: V; < 225 or V; > 245 (24)
0, otherwise

5. Conclusion

The ECO-AI-KE dataset provides a robust foundation
for analyzing the intersections of agriculture, energy,
environment, and Al adoption in Kenya. By integrating
standardized units, clear abbreviations, and well-
defined equations, it ensures analytical consistency and
transparency. Its structured design supports accurate trend
identification, impact evaluation, and forecasting, enabling
policymakers, researchers, and businesses to make informed
decisions. Ultimately, the dataset serves as a practical tool for
generating actionable insights that advance sustainability,
innovation, and economic growth.

Appendix

Dataset Summary

¢ File Name: ECO AI KE dataset 5000x15.csv
e Number of Observations: 5,000

e Number of Variables: 15

Variables List

Variable Name Description
Date Date of record
Region Geographic area
GDP_Growth GDP growth rate

Inflation_Rate

Price level increase

Interest_Rate

Central bank rate

Employment_Rate

Employed population ratio

AI_Adoption_Index

Al readiness score

Energy_Consumption

Energy used

Education_Index

Human capital score

Trade_Balance

Net exports

Internet_Penetration

Internet access

Population

Number of residents

CO2_Emissions

Carbon emissions

Poverty_Rate

Below poverty line

Al_Investment

Al-related investment

Table 6: Variables in the ECO-AI-KE Dataset
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Data Cleaning Steps

¢ Checked and corrected date formats.

¢ Replaced missing values with averages (continuous
variables) or “Not Available” (categorical variables).

¢ Removed duplicate entries.

e Standardized units for GDP, trade balance, and investment
in USD.

e Normalized Al Adoption Index Education Index for
comparability.

Additional Tables and Charts

Table A1: Correlation matrix between economic indicators.
Table A2: Descriptive statistics summary for all numerical
variables.

Figure A1: GDP growth trend over time.

Figure A2: Al adoption rates by region.

References for Data Standards
¢ World Bank Open Data Documentation.

e United Nations Development Programme (UNDP) Human
Development Index methodology.

¢ Kenya National Bureau of Statistics (KNBS) Statistical
Abstract.
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