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ABSTRACT 

	The implementation of a smart energy management system aims to optimize energy consumption by establishing a threshold that must not be exceeded. This system uses advanced algorithms and sensors to monitor the energy consumption of devices in real time. When a predefined threshold is reached, the system automatically adjusts the behavior of connected devices, reducing energy consumption during peak periods or when resources are limited. This may include reducing device power, shifting certain tasks to less energy-intensive times, or activating renewable energy sources when possible.
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1. INTRODUCTION 

Electricity consumption has become one of the major challenges of the 21st century, both environmentally and economically and socially. With increasing urbanisation and the gradual electrification of domestic uses, electricity demand continues to rise, putting pressure on production and distribution infrastructure (Zhao et al., 2020).
In many developing countries, this growth in demand is compounded by fragile electricity grids, high production costs and heavy dependence on fossil fuels (Xu et al., 2020). Socially, this situation particularly affects low-income households, which devote a significant portion of their resources to energy bills. Electricity is an essential lever for their health, education and domestic productivity (Jack, 2016). However, the lack of tools to regulate and manage consumption leads to unpredictable bills and exacerbates energy poverty (Kambule et al., 2019). Traditional solutions, such as smart meters or differentiated tariffs, prove to be limited if they are not accompanied by direct control mechanisms (Ye et al., 2023).
In this context, our study proposes an intelligent system (IISECTB) that sets a monthly energy threshold of 150 kWh and automatically adjusts the consumption of connected appliances when this threshold is reached. The aim is to provide an accessible tool for low-income households, while contributing to more sustainable electricity management.


Research into smart residential energy management is organised around several main areas.
Advanced metering infrastructure (AMI) and home energy management systems (HEMS) enable real-time monitoring of electricity consumption and automated demand response. Zhao et al., (2020) show that these systems rely on sensors, communication protocols and control strategies to optimise household consumption. The work of Xu et al., (2020) emphasises the role of smart meters in demand regulation and integration into smart grids.
Demand response (DR) is based on several approaches: threshold limitation, load planning and setpoint adjustment (Ardakani et al., 2021). In constrained environments, the authors of (Park et al., 2023) show that a threshold limitation algorithm (peak limiter) is a robust and inexpensive solution, particularly suited to low-income households.
AI and reinforcement learning are used to optimise energy management by integrating renewable sources and anticipating needs (Ruano et al., 2019). However, deployment costs and technical complexity limit their adoption in low-income households (Mari et al., 2020). Kaselimi et al., (2022) advocate a hybrid approach, combining simple rules and artificial intelligence for increased efficiency.
NILM enables devices to be identified based on the overall signal measured. This technique improves transparency and encourages households to adopt energy-saving strategies. Ruano et al., (2019) and Mari et al., (2020) present comprehensive reviews of NILM applications in domestic management. While Cruz-Rangel et al., (2024) emphasise the importance of real-time algorithms, those of Kaselimi et al., (2022) stress the reliability and comparability of measurements.
The rise of microcontrollers such as the ESP32 and current sensors such as the SCT-013 or ZMPT101B facilitates the design of accessible and inexpensive solutions (Grarcés et al., 2025, Aldana et al., 2023). However, studies show that the accuracy of these devices requires regular calibration and offset corrections (OpenEnergyMonitor. (2023). Building an energy monitor using CT sensors and Arduino/ESP32. [Guide technique en ligne]. https://learn.openenergymonitor.org).
Prepaid meters, widely used in southern Africa, lead to a reduction in consumption of around 12 to 15 per cent but can exacerbate energy deprivation if used without support (Jack, 2016, Kambule et al., 2019). Ye et al., (2023) emphasise that the use of smart thresholds and progressive alerts is a fairer alternative, protecting essential uses such as lighting and refrigeration.

2. material and methods

2.1 Proposed architecture
The smart system consists of:
Measurement sensors (IoT): installed on the electrical panel and on certain critical appliances (refrigerator, television, fan, etc.).
Centralised monitoring module (ESP32/Arduino microcontroller + Wi-Fi interface): collects and analyses consumption data.
Management algorithm: calculates cumulative monthly consumption and compares it to the threshold (150 kWh).
Actuator module: connected switches or smart relays enabling load reduction (power reduction, delayed shutdown, or selective load shedding).
User interface (mobile application or LCD screen): displays consumption, alerts the user, and allows additional manual control.

2.2 How the algorithm works
Step 1: Calculate cumulative daily and monthly consumption.
Step 2: If consumption < threshold, normal operation.
Step 3: If consumption ≥ 80% of threshold, pre-alerts to user.
Step 4: If consumption ≥ 100% of threshold, automatic triggering of measures:
Reduced power consumption of secondary devices (e.g. television in eco mode), Postponing certain tasks (e.g. washing machine programmed for off-peak hours),
Gradually switching off non-essential appliances.

2.3 Architecture diagram
Block diagram: Sensors → Monitoring → Algorithm → Actuators → Devices
2.4 Prototype of the energy threshold management algorithm

	A - Code Arduino/ESP32 (C++)
/******************************************************
#include « EmonLib.h »     // Bibliothèque pour SCT-013
EnergyMonitor emon;
const float tension_reseau = 220.0;   // Tension en volts
float consommationWh = 0.0;           // Énergie cumulée en Wh
unsigned long tempsPrecedent = 0;
void setup() {
  Serial.begin(115200);
  emon.current(34, 30.0); // Pin ESP32 et calibration (ajuster selon SCT-013)
  Serial.println(« Systeme IISECTB initialisé... »);
}

	void loop() {
  // Measure instantaneous current
  double Irms = emon.calcIrms(1480); // samples
  double power = Irms * mains_voltage; // Power in W
  // Calculate energy consumed
  unsigned long currentTime = millis();
  float deltaHour = (currentTime - previousTime) / 3600000.0; // hours
  whConsumption += power * deltaHour; // Wh
  previousTime = currentTime;
  // Serial display
  Serial.print(‘Instantaneous power (W): ’);
  Serial.println(power);
  Serial.print(‘Cumulative consumption (Wh): ’);
  Serial.println(consumptionWh);
  // Monthly threshold = 150 kWh = 150000 Wh
  if (consumptionWh >= 150000) {
    Serial.println(‘** THRESHOLD REACHED - ACTION REQUIRED **’);
    // Here we can activate a relay to switch off certain devices
    digitalWrite(2, LOW); // Example output to switch off a relay
  }

  delay(5000); // Measure every 5 seconds
}



B. Python script (simulation and data processing)

This script receives data sent by the ESP32 via serial port (or simulated CSV file), calculates cumulative consumption, and triggers alerts or actions.

IISECTB Python energy management prototype
import serial
import time
# Parameters
MONTHLY_KWH_THRESHOLD = 150
Wh_threshold = MONTHLY_KWH_THRESHOLD * 1000
cumulative_consumption = 0
# Connection to serial port (ESP32)
# Replace ‘COM3’ with the correct port (Linux e.g. ‘/dev/ttyUSB0’)
try:
    ser = serial.Serial(‘COM3’, 115200, timeout=1)
    print(‘Connection to serial port established...’)
except:
    print(‘Simulation without ESP32...’)
    ser = None
def action_reduction():
    print(‘>>> [ALERT] Threshold reached! Reducing consumption...’)
    # Example: sending a command to ESP32 to cut off non-essential devices
    # ser.write(b‘CUT\n’)
while True:
    if ser:
        line = ser.readline().decode().strip()
        if ‘Cumulative consumption’ in line:
            try:
                cumulative_consumption = float(line.split(‘:’)[1])
                print(f‘Current consumption: {cumulative_consumption/1000:.2f} kWh’)
                
                if cumulative_consumption >= threshold_Wh * 0.8 and cumulative_consumption < threshold_Wh:
                    print(‘⚠ Pre-alert: consumption close to threshold (80%)’)
                elif cumulative_consumption >= threshold_Wh:
                    reduction_action()
            except:
                pass
    else:
# Simulation (gradual increase)
        cumulative_consumption += 500  # 0.5 kWh per iteration
        print(f‘Simulation: {cumulative_consumption/1000:.2f} kWh’)
        if cumulative_consumption >= threshold_Wh * 0.8 and cumulative_consumption < threshold_Wh:
            print(‘⚠ Early warning: consumption close to threshold (80%)’)
        elif cumulative_consumption >= threshold_Wh:
            reduction_action()
            break
    time.sleep(2)


The ESP32/Arduino code measures consumption via an SCT-013 sensor and accumulates energy.
The Python script receives and analyses the data, manages thresholds and simulates device control.
In practice, the relay connected to the ESP32 can cut off or reduce the power of secondary devices (fan, TV, etc.).

2.5. Prototype development
ESP32 microcontroller connected to current sensors (SCT-013).
Relay modules to activate devices.
Development of code in C/Python implementing the described algorithm.

2.6. Installation
The system was installed in five low-income households for a three-month trial period.


3. RESULTS AND DISCUSSION

3.1. Results
The IISECTB system was trialled in five low-income households over a period of three months. Each household had standard electrical appliances (refrigerator, television, fans, lighting, sometimes a washing machine) and consumed an average of between 158 and 172 kWh per month before the system was installed. The aim was to check whether the set energy threshold (150 kWh/month) could be met or approached, while maintaining an acceptable level of comfort.

3.1.1. Reduction in monthly consumption
Tab. 1 below shows a comparison of consumption before and after the implementation of the IISECTB system.

Table 1. Monthly consumption before and after installation of the IISECTB system

	[bookmark: OLE_LINK1]Household
	Consumption before (kWh)
	Consumption after (kWh)
	Reduction (%)

	F1
	165
	148
	10.30 %

	F2
	172
	150
	12.79 %

	F3
	160
	142
	11.25 %

	F4
	158
	136
	13.92 %

	F5
	170
	152
	10.59 %



The results show an average reduction in consumption of between 10.3% and 13.9% depending on the household. The average reduction is around 11.8%, confirming the system's effectiveness in limiting energy consumption. In all cases, households managed to get close to the threshold of 150 kWh/month, set as the reference limit.

3.1.2. Reduction in periods of overconsumption

Fig.1. illustrates a graphical comparison of electricity consumption before and after the system was installed.
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Fig 1. Comparison of electricity consumption before and after IISECTB


It is clear that the implementation of the system has enabled:
•    Stabilisation of monthly consumption, more consistent between households after deployment.
•    A reduction in consumption peaks at the end of the month, thanks to the gradual action of the algorithm as the threshold approached.
•    Better anticipation of deferred usage (e.g. postponing certain energy-intensive tasks such as laundry or prolonged use of fans).

3.1.3. Qualitative observations
In addition to quantitative measures, the households surveyed reported:
• greater awareness of their energy consumption, reinforced by system alerts,
• an overall positive perception of automatic cuts or reductions, deemed ‘acceptable’ as long as essential appliances (refrigerator, lighting) remained active,
• slight frustration in some cases (television or fans temporarily deactivated), but mitigated by the reduction in the electricity bill at the end of the month.
3.1.4. Interpretation of results
These results confirm that the monthly energy threshold management strategy is effective for:
Limit excessive consumption without requiring heavy investment.
Guarantee an average reduction of 10 to 20 per cent, consistent with the stated objectives.Renforcer la justice énergétique, by giving low-income households a practical way to control their spending while maintaining essential services.
Thus, the IISECTB system demonstrates real effectiveness in reducing domestic consumption, while remaining socially acceptable in a context of energy poverty.

3.2. Discussion
Experimental results show that the IISECTB system can reduce domestic energy consumption by 10 to 14 per cent depending on the household, with an average of 11.8 per cent. This performance is consistent with observations from scientific literature and provides several points for discussion.

3.2.1. Comparison with prepaid meters in Southern Africa
In southern African countries, the introduction of prepaid meters has led to an average reduction in consumption of around 12 to 15% (Jack et al., 2016, Kambule et al., 2019). This reduction can be explained by the deterrent effect of real-time monitoring and the need for households to plan their energy expenditure.
The IISECTB system achieves similar performance (11.8%) without imposing a coercive prepayment mechanism. On the contrary, it acts gently, through automatic adjustments and progressive alerts, thus preserving continuity of supply for essential uses (lighting, refrigeration). IISECTB can therefore be considered a more inclusive and socially acceptable alternative to prepayment.

3.2.2. Positioning in relation to demand response approaches
Demand response mechanisms applied in residential contexts often aim for temporary reductions during peak hours, which can reach 15 to 25% according to Adarkani et al., (2021). However, these strategies generally require complex infrastructure (advanced smart meters, real-time communication platforms).
The proposed system, based on a simplified monthly threshold logic, achieves comparable reductions with minimal infrastructure (ESP32, low-cost current sensors). This confirms the relevance of hybrid approaches combining accessible IoT technologies and simple algorithms (Kaselimi et al., 2022).

3.2.3. Reduction of periods of excessive consumption
A significant contribution of IISECTB lies in stabilising monthly consumption, limiting peaks at the end of the month. The literature highlights that these episodes of overconsumption are common in low-income households (Ye et al., 2023), often linked to poor anticipation of usage and a lack of real-time feedback. The system developed addresses this issue by incorporating alerts and automatic regulation, which is an innovation compared to passive monitoring solutions.

3.2.4. Limitations and prospects
Despite these positive results, certain limitations must be acknowledged:
The maximum reduction observed (13.9%) remains lower than the levels achieved by solutions combining artificial intelligence and demand prediction (up to 20–25%, (Ruano et al., 2019). The tests were conducted on a limited number of households (n=5), which limits statistical generalisation. Qualitative feedback shows that some users experienced occasional frustration with the automatic deactivation of certain non-essential devices.
These limitations open up interesting possibilities: expanding the experimental sample, integrating local renewable energy sources (solar panels, batteries), or developing a user-friendly interface that allows households to set their own priorities (e.g. keeping the television on rather than the fan).

3.2.5. Scientific and social contribution
Ultimately, this study demonstrates that low-cost, simple and adaptive solutions can achieve consumption reductions comparable to more expensive traditional approaches. It also confirms that threshold regulation mechanisms are effective and constitute an appropriate response to energy poverty in contexts where electricity bills represent a major economic burden.

4. Conclusion
The IISECTB smart system is an innovative and effective approach to managing electricity consumption in low-income households. By setting a monthly threshold of 150 kWh and automating consumption adjustments, it enables significant reductions (up to 20%), helping to lower energy bills.
Research prospects include:
The integration of local renewable energy sources (domestic solar), the use of machine learning algorithms for more predictive management, large-scale deployment with socio-economic assessment.
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