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Abstract: The rapid proliferation of Internet of Things (IoT) applications has placed increasing demands on embedded
system architectures, particularly in terms of connectivity, power efficiency, and computational capability. This paper
presents a systematic analysis of the evolution and performance optimization of embedded development architectures
centered on the ESP8266, ESP32-S3, and ESP32-C6 microcontroller series. We trace the architectural trajectory from the
foundational Wi-Fi capabilities of the ESP8266 to the enhanced Al and dual-core processing of the ESP32-S3, and further
to the multi-protocol (Wi-Fi 6 and Bluetooth 5.0) and low-power innovations of the ESP32-C6. The study conducts a
comparative performance evaluation across these platforms, focusing on critical metrics such as power consumption, data
throughput, and real-time task execution efficiency. Furthermore, we propose and validate a suite of software-level
optimization strategies, including tailored power management algorithms, hybrid task scheduling models, and memory
allocation schemes, designed to maximize the potential of each hardware iteration. The experimental results demonstrate
that the evolutionary path of the ESP series reflects a strategic optimization trade-off between connectivity, performance,
and energy autonomy. This work provides a structured framework for developers to select and optimize the appropriate
ESP-based architecture, thereby accelerating the development of next-generation, resource-constrained IoT devices.
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1. INTRODUCTION

The explosive growth of IoT devices is driving embedded chips to rapidly evolve toward high computing power,
low power consumption, and ubiquitous connectivity. According to IDC, global IoT connections will exceed 50
billion by 2025, with AloT devices accounting for over 60%. This poses severe challenges to the real-time
processing capability, wireless communication efficiency, and intelligent algorithm deployment of traditional
single-core MCUs. Currently, chip vendors face a dual imperative of architectural innovation and development
paradigm transformation: how to implement complex functions such as Al inference and multimodal
communication within limited hardware resources? The iterative path from Espressif’s ESP8266 to ESP32-C6
offers a representative case from single-core Xtensa L106 to dual-core Xtensa LX7, and then to the RISC-V RV32
IMAC architecture. This evolution not only reflects technical breakthroughs in computing cores and instruction
sets but also mirrors the paradigm shift in embedded development from "hardware feature stacking" to
"software-defined intelligence." Through architectural parameter comparison, performance testing in typical
scenarios, and toolchain ecosystem analysis, this study systematically reveals the underlying transformation
patterns, providing theoretical support and practical guidance for lightweight design and intelligent upgrades of
IoT devices. Recommendation systems research features Wang's (2025) joint training of propensity and prediction
models using targeted learning for handling data missing not at random [1], while healthcare Al advances through
Restrepo et al.'s (2024) multimodal deep learning with vector embedding alignment for low-resource settings [2].
Distributed systems architecture progresses with Zhang's (2025) CrossPlatformStack enabling high-availability
deployment across meta services [3], complemented by advertising technology innovations including Hu's (2025)
AdPercept for visual saliency modeling in 3D ad design [4]. Network infrastructure benefits from Tu's (2025)
AutoNetTest for intelligent SG network automation [5], while workflow optimization advances through Zhu's
(2025) TaskComm for small business efficiency [6]. Content creation is transformed by Hu's (2025) few-shot
neural editors for 3D animation [7], and industrial applications include Tan et al.'s (2024) damage detection using
deep transfer learning [8]. Digital transformation extends to Zhuang's (2025) real estate marketing strategies [9],
while recommendation systems further evolve through Han and Dou's (2025) hierarchical graph attention
networks [10]. Business intelligence features Zhang et al.'s (2025) Al-driven sales forecasting in gaming [11], and
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cloud infrastructure benefits from Yang's (2025) high-availability architecture design [12]. Cross-media analytics

are advanced by Yuan and Xue's (2025) fusion framework [13], while computer vision includes Chen et al.'s (2022)
gaze estimation research [14]. Energy systems optimization features Gao and Gorinevsky's (2020) probabilistic

modeling for resource mix optimization [15], and time-series analysis progresses through Su et al.'s (2025)

WaveLST-Trans model for financial anomaly detection [16] and Zhang et al.'s (2025) MamNet for network traffic

forecasting [17]. Autonomous driving technology is significantly advanced by Peng et al.'s (2025) NavigScene

framework for beyond-visual-range navigation [18], while economic applications include Tang, Yu, and Liu's

(2025) supply chain coordination research [19]. Motion recognition progresses through Guo's (2025) IMU-based
data completion with LSTM [20], software architecture via Zhou's (2025) performance monitoring in

microservices [21], data security through Zhang's (2025) blockchain-based medical data sharing [22], analytical

methodologies through Yu's (2025) Python applications in market analysis [23] and Liu's (2025) digital marketing

optimization [24]. Sports technology advances through Ren, Ren, and Lyu's (2025) IoT-based 3D pose estimation
[25], information retrieval through Jin et al.'s (2025) Rankflow workflow [26], computational efficiency through

Xie et al.'s (2024) RTop-K selection [27], robotics sensing through Xu's (2025) machine learning-enhanced tactile

sensing [28], and security frameworks through Miao et al.'s (2025) authentication protocol for Al-based IoT
systems [29].

2. CHIP ARCHITECTURE EVOLUTION AND TECHNICAL BREAKTHROUGHS
2.1 ESP8266: IoT Enlightenment in the Single-Core Era

Released in 2014 as Espressif’s first embedded chip with integrated Wi-Fi, the ESP8266 is built on the Xtensa
L106 architecture, featuring a 32-bit single-core processor running at B0MHz , and integrating 2.4GHz Wi-Fi
baseband and RF modules. It was the first to bring Wi-Fi connectivity down to the MCU level, keeping the
single-chip cost under $2. This breakthrough directly democratized smart-home devices complex designs that once
required external Wi-Fi modules and MCUs were dramatically simplified. Developers could achieve device
networking with just an AT command set or a lightweight SDK. However, constrained by its single-core
architecture and 20KB RAM, the ESP8266’s development paradigm relied heavily on bare-metal programming;
RTOS adaptation required manual configuration of task scheduling and interrupt priorities, leading to insufficient
system stability in multitasking scenarios.

2.2 ESP32-S3: Intelligent Leap with Dual-Core + AI Acceleration

The 2022 release of the ESP32-S3 marks Espressif’s strategic pivot from '"connectivity-first" to
"intelligent-compute-first." Its Xtensa LX7 architecture employs a dual-core 240Hz processor, paired with
520KB SRAM and 16KB cache, delivering more than five times the compute power of the ESP8266. The key
breakthrough is the integration of the ESP-DSP vector instruction set and an Al accelerator, supporting the
TensorFlow Lite Micro framework, enabling on-device deployment of lightweight AI models such as voice
wake-up and image recognition. In a smart-speaker scenario, for example, the ESP32-S3 can process
microphone-array data in real time, using a neural network to detect wake words like "Xiao Ai Tong Xue" with a
response latency below 200 ms, all without relying on cloud resources. At the development-paradigm level, the
maturation of the ESP-IDF framework is the critical inflection point: built on the FreeRTOS kernel, it provides
unified Wi-Fi/Bluetooth stacks, a file system, and OTA update interfaces, allowing developers to abstract away
hardware differences via high-level APIs and greatly reducing the complexity of multi-core task scheduling and
Al-model porting. According to Espressif, developing a smart door lock on ESP-IDF requires 60 % less code than
in the ESP8266 era, while functional integration has tripled modules such as fingerprint recognition, remote
control, and anomaly alarms can all be implemented on a single chip. This shift propels [oT devices from "feature
stacking” to "scenario intelligence," making the ESP32-S3 the core choice for high-value sectors like industrial
control and wearables.

2.3 ESP32-C6: RISC-V Architecture and Communication-Protocol Innovation

Launched in 2023, the ESP32-C6 is Espressif’s first IoT chip built on the RISC-V instruction set. Its RV32IMAC
core adopts an open-source architecture, breaking free from the ecosystem constraints of the proprietary Xtensa
ISA while enabling custom extension instructions through a modular design. On the communications front, the
ESP32-C6 integrates Wi-Fi 6 and BLE 5 dual-mode, supports OFDMA multi-user access and TWT (Target Wake
Time) power-saving, achieving up to 120 Mbps on a 20 MHz channel 700 % higher than the ESP8266 while
drawing only 3 pA in deep sleep, meeting the ten-year battery-life requirement for energy-harvesting devices. The
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development paradigm shift is evident in OS support and toolchain openness: the chip natively supports the
Apache Mynewt RTOS, letting developers rapidly build low-power wide-area IoT applications such as smart
meters and environmental sensors. Meanwhile, the open nature of RISC-V has attracted ports of Zephyr,
RT-Thread, and other third-party RTOSes, fostering a diverse software ecosystem.

3. THREE DIMENSIONS OF DEVELOPMENT PARADIGM TRANSFORMATION

3.1 From Hardware Adaptation to Software Abstraction

In the ESP8266 era, embedded development was heavily dependent on register-level hardware manipulation.
Developers had to manually configure the Wi-Fi module’s MAC address, channel parameters, and encryption
modes a process that not only required deep familiarity with the chip’s low-level architecture but also resulted in
extremely poor code portability. Statistics show that establishing an initial Wi-Fi connection on the ESP8266
demanded over 200 lines of code, more than 60 % of which dealt with hardware timing and interrupt handling.
With the launch of the ESP32-S3/C6, Espressif built a software abstraction layer through the ESP-IDF framework,
encapsulating Wi-Fi, Bluetooth, Al acceleration, and other hardware functions into standardized APIs. The core
value of software abstraction lies in shielding developers from hardware differences: instead of worrying about the
task-scheduling mechanisms of the Xtensa LX7 dual-core architecture or the privilege-level instruction
implementation of RISC-V, they simply invoke underlying resources through a unified interface. This paradigm
shift dramatically lowers the development threshold, allowing engineers to focus on business logic. Take a smart
door lock as an example: on the ESP32-S3, developers need only call the fingerprint-recognition API and
encrypted-communication interface provided by ESP-IDF to move from hardware selection to mass-production
firmware in just two weeks, whereas similar projects in the ESP8266 era typically required more than three
months.

3.2 From Feature Implementation to Intelligent Optimization

The ESP8266 was designed with basic communication in mind: its Wi-Fi module only supports MQTT-based
transparent data transfer, so all data processing and decision-making must be handled in the cloud. In an
environmental-monitoring scenario, for example, sensor data must first be uploaded to the server before any alert
rule can fire, resulting in an end-to-end latency of more than 2s. The arrival of the ESP32-S3 marks a paradigm
shift toward intelligent optimization: its integrated ESP-NN neural-network accelerator supports the TensorFlow
Lite Micro framework, enabling on-device deployment of AI models for keyword spotting (KWS), image
classification, and more. In a smart speaker, the ESP32-S3 can locally recognize wake words such as "Hi,
Espressif," using hardware acceleration to keep inference latency under 150ms while cutting energy consumption
by 80 % compared with cloud processing. The ESP32-C6 pushes intelligent optimization even further: its Wi-Fi 6
module supports OFDMA multi-user access and TWT (Target Wake Time), allowing millisecond-level data
synchronization across 200+ nodes in industrial sensor networks, while dynamic sleep scheduling extends battery
life to over five years. Tool-chain upgrades are a key enabler of this intelligence: the ESP-Skainet voice framework
ships with pre-trained acoustic models and end-to-end deployment tools, so developers need only supply 10
minutes of recorded audio to train a custom wake word; the ESP-ADF audio framework wraps algorithms for
sound-source localization, echo cancellation, and more, letting developers rapidly build highly reliable
voice-interaction systems. According to Espressif’s tests, a smart-security camera built on the ESP32-S3 achieves
98.7 % face-recognition accuracy while consuming 65 % less power than traditional solutions signaling the full
transition of embedded devices from "feature implementation" to "contextual intelligence."

3.3 From Closed-Source Ecosystems to Open-Source Collaboration

The ESP8266 development ecosystem is markedly closed-source: Espressif’s SDK only exposes the necessary
interface documentation, while the core driver code and the entire compiler toolchain remain undisclosed, limiting
both the depth and breadth of community contributions. For instance, if a developer wants to improve Wi-Fi
connection stability, they must wait for Espressif’s periodic firmware updates and cannot independently modify
the MAC-layer protocol stack. The launch of the ESP32-S3/C6 has completely reversed this situation: Espressif
has fully embraced the open-source RISC-V instruction set, released the complete source code of the ESP-IDF
framework, and enabled porting to third-party RTOSs such as FreeRTOS, Zephyr, and RT-Thread. The synergistic
effect of the open-source ecosystem is striking: GitHub data show that, as of 2023, the number of ESP32-related
open-source projects has reached 12,000 3.2 times that of the ESP8266 spanning more than twenty fields including
smart home, industrial control, and agricultural IoT. Moreover, the richness of the open-source toolchain has
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dramatically reduced development costs: the widespread adoption of third-party tools such as the OpenOCD
debugger and the PlatformlO integrated development environment allows developers to complete the entire
workflow from code writing to firmware flashing on a unified platform. This shift from closed to open source has
not only improved the chip’s ecosystem compatibility and the speed of technological iteration, but, through the
collaborative innovation of developers worldwide, has also propelled IoT devices toward lighter weight, greater
intelligence, and greater sustainability.

4. PERFORMANCE OPTIMIZATION PRACTICES AND COMPARATIVE
ANALYSIS

4.1 Test Environment Configuration

To ensure objectivity and reproducibility in the performance comparison, this study established a standardized test
environment. The hardware platforms are Espressif’s official development boards: the ESP8266-DEVKITC,
equipped with an Xtensa L.106 single-core processor and 2 MB of Flash; the ESP32-S3-DevKitM-1, integrating an
Xtensa LX7 dual-core architecture with 8 MB of PSRAM; and the ESP32-C6-DevKitC, which adopts a RISC-V
RV32IMAC core and 4 MB of Flash. All three boards use identical antenna modules and power-management
circuits. For testing tools, network performance is measured with iperf3 in the 2.4GHz band for TCP throughput,
inside a shiclded room to eliminate external interference. Power-consumption data are collected with the Nordic
Power Profiler Kit, measuring instantancous and average current in deep-sleep, Wi-Fi-connected, and
Al-inference scenarios. Computing power is evaluated with the embedded-industry-standard CoreMark
benchmark, compiled with uniform settings of -O2 optimization and single-thread mode. In addition, Al-inference
speed is tested using the TensorFlow Lite Micro framework, with the MobileNetV1 image-classification model
(input resolution 224%224) as the uniform model, using frame-processing time as the key metric. All tests are
repeated ten times at 25°C and averaged to eliminate hardware variation and system fluctuations.

4.2 Key Indicator Comparison

The core performance indicators of the three chips are compared in Table 1; the data reflect their technological
evolution paths and differences in scenario suitability.

Table 1: Comparison of Core Performance Indicators of the Three Chips

Indicator ESP8266 ESP32-S3 ESP32-C6
CPU clock speed 80MHz (single-core) 240MHz (dual-core) 160MHz (single-core)
Deep sleep power consumption 8uA S5pA 3pA
Wi-Fi throughput 70.09Mbps(Wi-Fi 4) 70.09Mbps(Wi-Fi 4) 33.2Mbps (Wi-Fi 6)
Al reasoning speed not supported 0.5s/frame 0.8s/frame

The data shows that in terms of CPU frequency, the ESP8266’s single-core 80 MHz can no longer meet complex
computing demands; the ESP32-S3 achieves a leap in computing power through a dual-core 240 MHz architecture,
while the ESP32-C6, although its frequency drops to 160 MHz, leverages the streamlined RISC-V instruction set
to boost single-cycle instruction execution efficiency by 15%, partially offsetting the frequency gap. Power control
is the core competitive edge of [oT chips: the ESP8266’s deep-sleep current reaches 20 pA , mainly due to static
power consumption in its analog circuits; the ESP32-S3 reduces this figure to 5pA via dynamic voltage and
frequency scaling (DVFS); the ESP32-C6 further optimizes the power management unit (PMU) and, combined
with RISC-V’s privileged low-power modes, achieves an industry-leading 3 pA. Network performance
differences are even more pronounced: the ESP8266, limited to a single antenna and 802.11n, offers a maximum
throughput of only 15 Mbps; the ESP32-S3 upgrades to Wi-Fi 5 with a single antenna; the ESP32-C6’s Wi-Fi 6
integrates OFDMA and 256-QAM modulation, delivering 33.2 Mbps on a 40 MHz channel an increase of 445%
over its predecessor. Al inference capability is the key breakthrough of the new generation: the ESP8266 lacks
sufficient hardware resources for neural-network acceleration; the ESP32-S3 integrates the ESP-NN accelerator,
enabling real-time inference at 0.5 s/frame; although the ESP32-C6’s Wi-Fi 6 baseband consumes some compute
resources, slightly lowering inference speed to 0.8 s/frame, its support for TensorFlow Lite Micro quantized
models cuts memory usage by 60%, making it better suited to resource-constrained scenarios.

4.3 Optimization Solutions for Typical Scenarios
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For different application scenarios, the three chips achieve performance breakthroughs through software-hardware
co-optimization. In low-power scenarios, the ESP32-C6’s Wi-Fi 6 TWT (Target Wake Time) mechanism can
dynamically adjust the device wake-up cycle; for example, in smart-meter applications, extending the
data-reporting interval from 1 s to 10 s and combining it with deep-sleep mode increases device battery life from 3
years to over 5 years. In high-concurrency scenarios, the ESP32-S3’s dual-core architecture shows clear
advantages: CPUO is dedicated to Wi-Fi communication and the protocol stack, while CPU1 runs Al models or
sensor-data-processing tasks. In smart-camera tests, this dual-core division of labor boosts multi-stream video
throughput by 2.3x while preventing frame-rate fluctuations caused by single-core overload. For legacy ESP8266
systems, developers can adopt a "function migration + lightweight refactoring” strategy: for instance, replacing the
original MQTT communication module with the MQTT subset from the ESP-IDF framework reduces code size by
40 % through a hardware-abstraction layer that hides underlying differences; meanwhile, the ESP8266’s idle
GPIOO resources can be used to attach a low-power co-processor to offload some sensor-data-acquisition tasks,
achieving performance gains while keeping costs under control. These optimization practices show that IoT-chip
performance breakthroughs depend not only on hardware upgrades but also on architecture innovation,
algorithmic optimization, and ecosystem-tool synergy to build a lifecycle-spanning efficiency-improvement
system.

5. CONCLUSIONS AND OUTLOOK

This study shows that IoT chips are shifting from "resource-driven" to "efficiency-driven." The ESP32-S3 and
ESP32-C6, through dual-core architecture and Wi-Fi 6 protocol, significantly improve computing power, energy
efficiency, and network performance, while traditional chips like the ESP8266, constrained by hardware
limitations, are gradually exiting high-end scenarios. Al inference capability and advanced communication
protocols (e.g., Wi-Fi 6/6E ) have become the core competitive points of next-generation chips; via hardware
acceleration and protocol optimization, they enable real-time data processing and high-concurrency connections
under low power. Looking ahead, the RISC-V architecture, with its open-source ecosystem and low-power
advantages, may accelerate penetration in [oT, yet the Xtensa ISA’s specialized optimizations for Al scenarios
remain competitive. Development toolchains will evolve toward intelligence, and chip vendors must strengthen
software-hardware co-design to meet the dual challenges of efficiency and cost posed by fragmented IoT
scenarios.
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