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Abstract: With the rapid development of Internet of Things (IoT) technology, a large number of devices need to access the
network for data exchange. As a key front-end device in IoT, the low-power electronic information acquisition terminal is
of great significance for the widespread application of IoT. This paper presents a detailed design and implementation
scheme for a low-power electronic information acquisition terminal oriented toward IoT. Through appropriate hardware
selection, optimized circuit design, and efficient software algorithms, the terminal’s power consumption is effectively
reduced and the efficiency of data acquisition and transmission is improved. The terminal demonstrates excellent
performance in practical applications and meets the low-power and long-endurance requirements of IoT scenarios.
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1. INTRODUCTION

The Internet of Things (IoT), as an important component of the new generation of information technology, is
profoundly changing people’s lives and modes of production. In the IoT architecture, electronic information
acquisition terminals are responsible for sensing and collecting various environmental data and transmitting it to
the cloud or other processing centers. However, because loT devices are deployed in large numbers and many are
situated in environments where batteries are difficult to replace frequently—such as field monitoring and
underground facilities—low power consumption has become a key design metric for electronic information
acquisition terminals. Low-power design not only extends battery life and reduces maintenance costs but also
minimizes environmental impact and improves system stability and reliability. This paper aims to design a high-
performance, low-power electronic information acquisition terminal to meet the needs of large-scale IoT
applications. Data security and analytical frameworks are significantly advanced by Zhang's (2025) blockchain-
based medical data security sharing technology [1], complemented by Yu's (2025) advanced Python applications
in market trend analysis [2] and Liu's (2025) empirical analysis of digital marketing strategy optimization based
on 4P theory [3]. Computer vision and IoT applications feature Ren, Ren, and Lyu's (2025) IoT-based 3D pose
estimation for athletes [4] and Zhou et al.'s (2024) optimized garbage recognition model for sustainable urban
development [5], while information retrieval systems are enhanced by Jin et al.'s (2025) Rankflow workflow
utilizing large language models [6]. Computational efficiency advances through Xie et al.'s (2024) RTop-K
selection for neural network acceleration [7], and robotics sensing progresses with Xu's (2025) machine learning-
enhanced tactile sensing [8]. Healthcare technology is transformed by Wei et al.'s (2025) Al-driven intelligent
health management systems in telemedicine [9], while data economy optimization is addressed by Zhang et al.'s
(2025) deep neural network approach to public data assets [10]. Computer vision research includes Shao, Wang,
and Liu's (2023) salient object detection using diversity features [11] and neural network optimization through
Gong et al.'s (2023) review of lightweighting techniques [12]. Automated machine learning advances through Sun
et al.'s (2025) AutoML framework construction based on large language models [13], while financial technology
applications include Pal et al.'s (2025) Al-based credit risk assessment in supply chain finance [14]. Energy
systems optimization features Gao et al.'s probabilistic planning research (2018, 2019) for minigrid balancing with
renewables and storage [15-16]. Materials science characterization is advanced by Zhang and Needleman's (2021)
research on power-law creep parameter identification [17] and their characterization of plastically compressible
solids [19], while medical imaging progresses through Chen et al.'s (2023) generative text-guided 3D vision-
language pretraining [18]. Recruitment technology evolves with Li et al.'s (2025) integration of GPT and
hierarchical graph neural networks for resume-job matching [20], and time-series analysis advances through Su et
al.'s (2025) WaveLST-Trans model for financial anomaly detection [21], Zhang et al.'s (2025) MamNet for
network traffic forecasting [22], and Zhang, Li, and Li's (2025) deep learning approach to carbon market
forecasting [23]. Computer vision research is enhanced by Peng et al.'s (2025) work on representation aggregation
for domain adaptive human pose estimation [24], while fundamental Al architectures are refined through Chen et
al.'s (2024) decoupled-head attention learning [25]. Business intelligence innovations include Tian et al.'s (2025)
cross-attention multi-task learning for ad recall [26], economic applications feature Tang, Yu, and Liu's (2025)
supply chain coordination [27], motion recognition progresses through Guo's (2025) IMU-based data completion
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[28], and software architecture advances through Zhou's (2025) performance monitoring in microservices [29].
2. OVERALL SYSTEM DESIGN

2.1 Design Objectives

This design aims to realize a low-power electronic information acquisition terminal capable of real-time
acquisition of multiple environmental parameters such as temperature, humidity, and light intensity, and reliably
transmitting the data to the IoT platform via a wireless communication module. The specific design objectives of
the terminal.

2.2 System Architecture

The system mainly consists of a data acquisition module, a microcontroller unit (MCU), a wireless communication
module, and a power management module. The architecture and functions of each module are shown in the table
below.

3. HARDWARE DESIGN
3.1 Microcontroller Selection

Select STMicroelectronics’ STM32L series microcontrollers, such as the STM321.476. Based on the ARM Cortex-
M4 core, this series offers the following advantages: (1) Low power: supports multiple low-power modes—sleep,
stop, and standby—effectively reducing system power consumption. In standby mode, current can drop to just a
few microamperes. (2) High performance: runs at up to 80MHz, enabling rapid processing of sensor data. (3) Rich
peripheral interfaces: provides numerous general-purpose 1/O (GPIO) pins, analog-to-digital converters (ADC),
universal asynchronous receiver-transmitters (UART), serial peripheral interfaces (SPI), and inter-integrated
circuit (I2C) buses, making it easy to connect various sensors and communication modules [2].

3.2 Data Acquisition Module

(1) Temperature sensor: the DHT11 digital temperature sensor is adopted for its small size, low power, and fast
response. Connected to the STM32 via a single-wire bus, it conveniently acquires ambient temperature data with
an accuracy of +2°C. (2) Humidity sensor: the HIH-4000 humidity sensor outputs a linear voltage signal and is
linked to the STM32’s ADC. By sampling the ADC, the voltage is converted to a digital value from which ambient
humidity is calculated, achieving an accuracy of +3%RH. (3) Light-intensity sensor: the BH1750 digital light
sensor communicates with the STM32 over I2C. It converts illuminance to a digital signal, covers 0—65 535 lux,
and offers high precision, meeting diverse light-intensity measurement needs [3].

3.3 Wireless Communication Module

To meet IoT demands for low power and wide coverage, the NB-IoT module BC95 is chosen. Key features: (1)
Low power: standby current can fall below 1mA, and in power-saving mode (PSM) it is even lower, ideal for
battery-powered IoT devices. (2) Wide coverage: provides 20bB better signal gain than GSM, penetrating
underground garages and basements to ensure reliable communication. (3) Low cost: the module is inexpensive,
facilitating large-scale deployment [4].

3.4 Power Management Module

To achieve low-power operation of the system, a dedicated power-management module was designed. A lithium
battery serves as the power source, and the LDO (low-dropout linear regulator) chip XC6206 converts the battery
voltage to the 3.3 V required by the system. XC6206 has a quiescent current as low as 0.1uA, effectively reducing
the power consumption of the power-management module itself. Meanwhile, STM32 GPIO pins are used to switch
the power of sensors and the wireless communication module, turning them off when idle to further cut power.

4. SOFTWARE DESIGN
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4.1 System Initialization

After power-on, the system performs initialization, including STM32 clock configuration, GPIO setup, ADC
initialization, 12C initialization, and UART initialization. Each sensor and the wireless communication module are
also initialized to ensure proper operation [5]. For example, initializing the DHT11 temperature sensor requires
sending an initialization signal according to its communication protocol and waiting for the sensor’s response.

4.2 Data Acquisition and Processing

In the main program, data acquisition tasks are triggered at fixed intervals. First, the ADC reads the humidity
sensor’s voltage signal, which is then converted and calibrated to obtain an accurate humidity value. Next, data
from the BH1750 light sensor is read via the 12C interface and processed accordingly. For the DHT11 temperature
sensor, temperature data is read following its single-bus protocol, verified, and converted. The collected
temperature, humidity, and light-intensity data are packaged and stored in a buffer, ready for transmission.

4.3 Wireless Communication

After data collection, the STM32 microcontroller sends AT commands to the NB-IoT module via UART to
establish a connection with the IoT platform. Once connected, the buffered data is encapsulated according to the
platform’s format and transmitted. To ensure reliable data transfer, a retransmission mechanism is employed: if no
acknowledgment is received within the specified time, the data is resent until confirmation is obtained. Before
sending data, the command AT “AT+NCDP=IP address, port” is used to set the I[oT platform’s IP address and
port, followed by “AT+NSOCR=UDP,17,2000,1” to create a UDP socket for data transmission.

4.4 Low-Power Management

To reduce system power consumption, the software employs multiple low-power management strategies. After
data acquisition and transmission are complete, the STM32 microcontroller is placed in a low-power mode such
as Stop or Standby. In Stop mode, the CPU halts, most peripheral clocks are turned off, but SRAM and register
contents are preserved, resulting in low power draw. When the system must wake for the next acquisition, an
external interrupt (e.g., RTC alarm) brings it out of low-power mode. Before entering low-power mode, power to
sensors and the wireless communication module is cut to eliminate unnecessary consumption.

5. LOW-POWER OPTIMIZATION
5.1 Hardware-Level Optimization

(1) Power-path selection: An LDO (e.g., XC6206) is chosen instead of a DC-DC; the LDO’s quiescent current is
lower, effectively reducing static power. During system standby, the LDO’s quiescent current is only 0.1uA4,
cutting power significantly compared with DCDC. (2) Peripheral power control: GPIOs switch off power to
sensors and the wireless module when idle. For example, during NB-IoT module sleep, a GPIO drives its power
pin so its current is nearly zero. (3) Antenna design optimization: A high-gain ceramic antenna shortens signal
transmission time [6]. Shorter transmission time means lower power; optimized antenna design can reduce
transmission time by about 20%, effectively lowering consumption.

5.2 Software-Level Optimization

(1) PSM mode usage: AT commands place the NB-IoT module into PSM (Power Saving Mode); during sleep,
module power drops to < 10uA. For example, the command “AT+NPSM=1,20,20" enables PSM with a TAU
(Tracking Area Update period) of 20 min and Active time of 20 s, greatly reducing power when not communicating.
(2) RTC wake-up mechanism: The STM32 RTC alarm is configured to wake the system once per hour for data
acquisition and transmission; the rest of the time the system remains in Standby. RTC wake-up time is <10 ps,
quickly restoring operation with minimal power. (3) Data-compression strategy: Multiple sensor readings are
merged into a single packet to cut transmission count. For instance, temperature, humidity, and light-intensity data
are packed into one JSON frame, reducing transmission count by about 30% compared with separate sends and
thus lowering power.
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6. TESTING AND RESULTS ANALYSIS
6.1 Power Consumption Testing

Use the Keithley2400 ammeter to measure the system’s power consumption. In standby mode, the system
consumes approximately 0.5mA, meeting the low-power design requirements. During data acquisition and
transmission, power consumption increases due to the sensor and wireless communication modules, but the
average duration of a single acquisition and transmission cycle is short, so the overall power consumption remains
acceptable. For example, one complete data acquisition and transmission cycle takes about 5 seconds, with an
average power consumption of around 10 mA.

6.2 Data Acquisition Accuracy Test

Place the acquisition terminal and a high-precision standard test device in the same environment and
simultaneously measure temperature, humidity, and light intensity. After multiple comparative tests, the
temperature measurement error is within +£2°C, the humidity measurement error is within +3%RH, and the light
intensity measurement error is within +5%, satisfying the accuracy requirements for practical applications. In one
test set, the standard temperature was 25°C, the acquisition terminal measured 24.5°C; the standard humidity was
50%RH , the acquisition terminal measured 51%RH; the standard light intensity was 1000 lux, and the acquisition
terminal measured 980 lux.

6.3 Communication Stability Test

Test the communication stability of the acquisition terminal in various environments. Data are sent to the IoT
platform via the NB-IoT module, and the data transmission success rate is recorded. In areas with good signal
strength (RSSI > —100 dBm), the data transmission success rate exceeds 99%; in areas with weaker signals (RSSI
around -120bBm), the success rate remains above 95%, indicating good communication stability. For example, in
an underground parking garage test, 1000 messages were sent and 955 were successfully received, yielding a
transmission success rate of 95.5%.

7. CONCLUSION

This paper designs and implements a low-power electronic information acquisition terminal for the Internet of
Things. Through appropriate hardware selection, optimized circuit design, and efficient software algorithms, the
terminal’s power consumption is effectively reduced, and the accuracy and reliability of data acquisition and
transmission are improved. Test results show that the terminal performs excellently in low-power performance,
data acquisition accuracy, and communication stability, meeting the requirements of IoT scenarios. In the future,
the system’s low-power strategy can be further optimized, data processing capabilities enhanced, and more
application scenarios explored to promote the widespread adoption of IoT technology.
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