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Abstract— Tiny Machine Learning (TinyML), a rapidly 
evolving edge computing concept that links embedded systems 
(hardware and software) and machine learning, with the purpose 
of realizing ultra-low-power and low-cost and efficiency and 
privacy, brings machine learning inference to battery-powered 
intelligent devices. In this study, we conduct a systematic review of 
TinyML research by synthesizing 47 papers from academic and 
grey publication since 2019 (the early TinyML publication starts 
from 2019). Relevant TinyML literature is analyzed from five 
aspects: hardware, framework, datasets, use cases, and 
algorithms/model. This systematic review will serve as a roadmap 
for understanding the literature within the new emerging field of 
TinyML. 
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I. INTRODUCTION

TinyML (tiny machine learning) is a relatively new term that 
encompasses research and development at the intersection of 
embedded systems and machine learning [1]. The goal of 
TinyML is to apply machine learning inference on extremely 
low-power (under a milliwatt), low-cost (55 cents in 2023) 
microcontrollers (MCUs) [2]. Through the implementation of 
various battery-powered MCUs and streaming applications, 
TinyML facilitates real-time, on-site data collection, processing, 
analysis and interpretation. [3]. As a result, TinyML provides 
low latency, low power, and high privacy while avoiding the 
energy cost and data loss associated with wireless 
communication between edge devices and the cloud [4].  

Although TinyML is an important and growing field, the 
academic research associated with the term remains at a very 
early stage at this time. As a result, efforts to synthesize TinyML 
research into an integration of a broad body of knowledge have 
been relatively limited [5]. To fill this gap, we propose a 
systematic method and synthesis of current research on TinyML. 

 A synthesis from various aspects can clarify issues and 
identify relations in a structured manner [6]. Therefore, to assist 
scholars to improve the understanding of TinyML, we adopt 
synthesis with a comprehensive and structured list of elements. 
Specifically, this article contributes to the TinyML literature by 
synthesizing current research with five aspects: hardware, 
framework, datasets, use cases, and algorithms/model.  

This review serves as guidance for research exploration on 
TinyML. It aims to gain a better understanding of the state of the 
art of TinyML and to offer guidelines to TinyML practice. This 
study also provides researchers and practitioners with directions 
for future research in this emerging field.  

The reminder of the paper is organized as follows. In Section 
II, we present a note on review methodology. Section III discuss 
the search results and Section IV describes data synthesis results. 
Finally, in Section V, we provide future research needs, and 
conclude. 

II. METHODOLOGY

A systematic review approach is used to select studies and 
identify relevant articles [7]. Additionally, a synthesis 
methodology is adopted to synthesize the broad scope of 
selected papers in an integrative way [8]. PRISMA (Preferred 
Reporting Items for Systematic Reviews and Meta-Analyses) 
instruction is applied here to display a flow diagram of the 
literature search process (shown in Fig. 1).  

Fig. 1. PRISMA flow diagram. 

A. Searching
We utilize web-based resources (Google Scholar) as the

database. In addition, we manually search for articles from key 
authors in the TinyML field. The search strategy (each keyword 
for each time separately) is detailed below: 
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• The keyword “TinyML” is used for the first-round 
search. 

• The keyword “Tiny ML” is used for the second-round 
search. 

• The keyword “Tiny-ML” is used for the third-round 
search. 

• The keyword “Tiny Machine Learning” is used for the 
fourth round search. 

• The keyword “ Tiny Deep Learning” is used for the 
fifth-round search. 

• The keyword “Tiny-DL” is used for the sixth-round 
search. 

• The keyword “TinyDL” is used for the seventh-round 
search. 

• The keyword “Tiny DL” is used for the eighth-round 
search. 

In order to full search, we also use the six main databases as 
complementary sources: 

• Elsevier (https://www.sciencedirect.com/); 

• Emerald (https://www.emeraldinsight.com/); 

• Wiley-Blackwell (https://onlinelibrary.wiley.com/); 

• Springer (https://www.springer.com/fr); 

• SAGE (https://us.sagepub.com/en-us/nam/home); 

• Taylor and Francis (https://www.tandfonline.com/). 

B. Selection  
 In order to give broader insights, selected studies not only 

contain academic literature but also grey publishing such as 
reports and working paper and the online newspaper. The 
publication is chosen in two steps: first by review of title and 
abstract and keywords, then by full-text review. The selection is 
not restricted by year of publication but papers have to be written 
in English because of limited translation resources (such as lack 
of language experts for translation work). All web-based 
resources are accessible in printed or downloadable form. 

The initial literature search yielded 135 results. After 
reviewing the titles, abstracts and keywords, as well as removing 
duplicates, we obtained 81 unique records for further evaluation. 
After applying the inclusion and exclusion criteria when reading 
the full text, we excluded 34 articles for a final total of 47 articles 
(36 primary studies and 11 reviews) used for data synthesis. 

C. Data Extraction and Data Synthesis  
For data extraction and synthesis, we employ the content 

analysis method, which identifies the appearance of specific 
words, topics, or concepts within a text [9]. 

The purpose of the data synthesis approach is to integrate 
diverse range of studies into a conceptual map describing five 
TinyML elements: hardware, framework, datasets, use cases, 
and algorithms/model. Full details of the data extraction and 
synthesis are available from the first author upon request. 

III. SEARCH RESULTS 
 Of the 47 publications in the review, 26 publications are 

conference proceedings, 15 journal articles including 13 
research articles and 2 review articles, 2 book sections and 1 
book, 1 report, 1 working paper and 1 newspaper article. We list 
the reference in Table 1.  

TABLE I.  PUBLICATION TYPES 

Publication 
Types References 

Conference 
Proceedings 

[10][11][2][12][13][14][15][16][17][18][19][20][21][
22][23][24][25][26][27][28][29][30][31][32][33][34] 

Research 
Article [3][35][36][37][38][39][40][41] [42][43][44][45][46] 

 Review 
Articles [1][4] 

Book Section [47] 

Book  [48][49] 

 Report [5] 
Working 
Paper [50] 

Newspaper 
Article [51] 

 

Figure 2 lists the main sources (by year) that have issued two 
or more publishing items. In total, there are 24 different types of 
sources involved in this review. Among the publication, most 
papers are published in different conferences, and 6 articles are 
published in 4 types of journals respectively: Sensors (3 papers), 
IEEE Circuits and Systems Magazine (1 paper), IEEE 
Transactions on Circuits and Systems II: Express Briefs (1 
paper) and Journal of Sensor and Actuator Networks (1 paper). 
TinyML Research Symposium (10 papers) is very popular 
among these conferences referring to TinyML. In addition, 11 
papers were pre-print from arXiv and one book was published 
in 2019 by O’Reilly Media and one newspaper article is 
from IEEE IoT Newsletter. 

 
Fig. 2. Publication source since 2019.  

IV. DATA SYNTHESIS RESULTS 
Synthesis can spot the location of every issue on an 

integrative map of TinyML. This step aims to paint one 
abstraction frame to precisely record the information gained 
from selected studies. We use Mendeley and Microsoft Excel 
spreadsheets to synthesis the 47 papers into five elements: 
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hardware, framework, datasets, use cases, and algorithms/model 
[1], [2], [4], [41].  

A. Hardware 
TinyML is operated on  low-power microcontrollers boards 

with extensive hardware extraction [50]. In this study, we list the 
main hardware (Table 2) applied by two or more publishing 
items. 8 papers generally mentioned Microcontroller units 
(MCUs) without hardware details. On the other hand, 5 papers 
clearly specified STM32 MCU and 2 papers on Apollo3 MCU. 
ARM Cortex-M processors (mentioned by 4 papers) are 
commonly integrated by these MCUs when applied TinyML. 

TABLE II.  HARDWARE 

Hardware Count 

MCUs 8 

STM32 5 

ARM Cortex-M (M0 and M7) series 4 

Ambiq Apollo 3 2 

Arduino Nano 33 BLE Sense 2 

FPGA 2 

 

In contrast to cell phone and cloud platforms, MCUs are 
generally small (around	 1cm3), low-cost (around $1) and 
energy-saving (around 1mW). Therefore, they are the ideal 
hardware platforms for TinyML. An MCU consists of a CPU, 
embedded flash (eFlash) memory for code and Static Random 
Access Memory (SRAM) for data bit, as well as input/output 
peripherals [18]. Specifically, microcontrollers from the STM32 
(32-bit) family, based on ARM Cortex-M processors, support 
both small projects and end-to-end platforms. In detail, the ARM 
Cortex-M processors perform a single operation at a time, which 
are optimized for low-cost, low latency and low power  [52]. 
Additionally, the Apollo3 MCU is designed for ultra-low power 
and portable, smart devices with an integrated ARM Cortex-M 
processor [53]. Arduino Nano 33 BLE Sense contains a series of 
embedded sensors, a Cortex-M4 microcontroller and BLE [50]. 
Field Programmable Gate Arrays (FPGAs) are semiconductor-
integrated circuits that execute all operations in a parallel way 
[33].  

B. Framework 
TinyML frameworks are typically used to enable ML models 

into various MCU-based edge devices [1]. 

The variety of embedded systems including hardware and 
software needs to be addressed for TinyML to obtain board 
understanding [5]. Therefore, we analyzed the framework 
(software) concerning hardware shown in Fig. 3. From Figure 3, 
we can find the relation between hardware and the framework 
(software). For instance, TensorFlow Lite (10 papers) is the 
most well-known framework (software) adopted in hardware. It 
is frequently an alternative for the term “TinyML”. TensorFlow 
Lite is Google’s open-source machine learning framework that 
deploys a special format model on mobile and embedded 
devices [5], such as STM32, Apollo3 and ARM Cortex-M7. The 

Framework TinyOL is adopted by Arduino Nano 33 BLE Sense. 
Tiny RespNet TensorFlow and PYNQ are used by FPGA.  

Fig. 3. TinyML frameworks by hardware.  

C. Use Cases 
Although TinyML is in its infancy, there are a large amount 

of well-established use cases that apply TinyML in solving real-
life issues  [4]. In this study, the use cases are  keyword spotting, 
image classification, visual wake words, object detection, 
anomaly detection, semantic segmentation, motor control, 
gesture recognition, forecasting, face recognition and activity 
detection. In addition, we noticed 16 papers that proposed a new 
tool or improve the current technology without belonging to any 
use cases type. Therefore, we added the technology 
improvement/new tools as another new type of use case. Fig. 4 
shows an overview of the use cases by categorizing 47 papers 
(we named the new use case type as “technology 
improvement/new tools”, therefore it is not shown in the Fig. 4).  

Fig. 4. TinyML use cases.  

The dominant use case is keyword spotting with 6 articles 
which cover 26.09% of TinyML studies. The second use case is 
image classification, where 17.39% of the studies classified, 
followed by visual wake words with 13.04%. Object detection 
and anomaly detection are the same ordered with 8.07% (2 
papers). The remaining six use cases are semantic segmentation, 
motor control, gesture recognition, forecasting, face recognition 
and activity detection (4.35%). 

The most popular and largely deployed case of TinyML is 
keyword spotting [37]. Keyword spotting is the sensible 
detection of certain words and short sentences. For example, the 
initiation of virtual assistants like Siri (Apple), Cortana 
(Microsoft), and Alexa (Amazon).  TinyML can be widely used 
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for keyword spotting because a specific word or phrase 
identification needs accordingly low power consumption [2].  

Anomaly detection is generally deployed on MCUs that 
divide normal samples from abnormal samples [2]. It has 
numerous applications such as checking for anomalous audio, 
temperature or IMU (inertial measurement unit) data to issue 
early warnings of potential breakdowns [50].  

Machine learning inference of various senor data from low-
power image sensors, photoplethysmogram (PPG) optical 
sensors, gyroscope sensors, microphones, accelerometers, and 
other embedded devices enable market and industrial 
applications such as image classification, face recognition, 
object detection, gesture recognition, semantic segmentation, 
and forecasting [37]. Some use cases have been proven feasible, 
but have yet to contact consumers as they are too new, like visual 
wake words [4]. 

D. Datasets 
Many free and public datasets are relevant to TinyML use 

cases [4]. Fig. 5 shows the relationship between the datasets and 
TinyML use cases. Speech commands are audio datasets 
released by Google for training and evaluating keyword spotting 
systems, which sorts short audio clips into a distinct set of 
classes [23]. COCO dataset is applied to train, validate and test 
for visual wake words models [2]. When referring to the 
application of two datasets or more, we find the use case of 
image classification commonly employs datasets ImageNet [16] 
and MNIST [19], [25]. ImageNet is also used in the use case of 
visual wake words [18]. From Figure 5, we could find the 
suitable datasets for each use case model evaluation. 

Fig. 5. Existing datasets by TinyML use cases.  

 Notwithstanding the accessibility of these open-source 
datasets, most of deployed TinyML models are trained and 
evaluated on massive datasets. These proprietary datasets that 
are huge in size are not specific for developing TinyML 
applications. The lack of suitable TinyML datasets poses a 
substantial obstacle to the progress of academic research [4]. 

E. Algorithms/Model 
Fig. 6 lists the typical algorithm/model for solving TinyML 

use cases problems. As we know, neural networks (NN) are the 
main force for both traditional machine learning and TinyML 
[15]. In particular, due to low CPU and memory usage, some 

TinyML use cases can also use non-NN algorithms like random 
forest [24]. 

 From Fig. 6, we find convolutional neural networks (CNN) 
are employed in image recognition and computer vision such as 
TinyML use cases image classification, face recognition and 
activity detection. Deep neural networks (DNNs) have been 
used by many TinyML use cases such as visual wake words, 
keyword spotting and image classification. However, one of the 
main challenges to use DNNs for solving TinyML use cases is 
the steadily growing number of parameters (from millions to 
billions to 1 trillion parameters within the next decade) [13]. In 
addition, some papers only mentioned NN in general without 
pointing out exact type of NN (CNN, DNN, RNN) used. 
Therefore, Fig. 6 displays CNN and DNN and NN at the same 
time.   

Fig. 6.  TinyML algorithm/model by use cases. 

Long short-term memory (LSTM) is used for natural 
language processing such as speech recognition or music 
generation [54]. Using LSTM particularly with CNN for human 
gesture recognition and motor control is well documented to 
obtain a high level of accuracy [14].  

V. CONCLUSION 
TinyML is an essential and fast-developing field that 

requires trade-offs among diverse integral components 
(hardware, software, machine learning algorithms) [5]. In this 
paper, we contribute a systematic literature review in reference 
to the data synthesis results of 47 publications on TinyML since 
2019.  

We focus on five elements: hardware, framework, datasets, 
use cases, and algorithms/models. Future studies could add more 
elements like the TinyML application area (Industry 4.0, 
vehicular services, smart spaces, smart agriculture and farming, 
eHealth, etc.).  

TinyML has the potential to exploit an entirely new domain 
of smart applications throughout manufacturing and business 
and personal life areas [27]. TinyML proposes innovative 
solutions in different fields and provides novel study directions, 
which would be a promising area for scholars to explore [5]. 
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