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Abstract: The last decade has seen exponential growth in the field of deep learning with deep learning
on microcontrollers a new frontier for this research area. This paper presents a case study about
machine learning on microcontrollers, with a focus on human activity recognition using accelerometer
data. We build machine learning classifiers suitable for execution on modern microcontrollers and
evaluate their performance. Specifically, we compare Random Forests (RF), a classical machine
learning technique, with Convolutional Neural Networks (CNN), in terms of classification accuracy
and inference speed. The results show that RF classifiers achieve similar levels of classification
accuracy while being several times faster than a small custom CNN model designed for the task.
The RF and the custom CNN are also several orders of magnitude faster than state-of-the-art deep
learning models. On the one hand, these findings confirm the feasibility of using deep learning on
modern microcontrollers. On the other hand, they cast doubt on whether deep learning is the best
approach for this application, especially if high inference speed and, thus, low energy consumption
is the key objective.
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1. Introduction
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In the last decade, deep learning has emerged as the dominant machine learning
paradigm, kick-starting an exponential growth of artificial intelligence applications. Nevertheless, deep learning is resource intensive and requires large datasets. Thus far, its
primary focus has been on high-performance systems for both training and inference. Deep
learning on edge devices has become a secondary focus point in the recent years [1].
However, most computers that exist today are microcontrollers (MCU), and these
devices have much lower computational capabilities and are often subject to other restrictions, such as low energy budgets. In 2020 alone, 23.5 billion new microcontrollers devices
were manufactured [2], which greatly exceeds the numbers of other, more capable systems.
Nevertheless, even microcontrollers are becoming more powerful with time. In the last
decade, low-power and low-performance 8-bit and 16-bit microcontrollers have been replaced with 32-bit devices. These new 32-bit microcontrollers provide an unprecedented
tradeoff between low energy consumption and high performance. Furthermore, these
new MCU often include instruction set architectures (ISA) specifically optimized for deep
learning applications.
Therefore, it is no surprise that deep learning on MCU is an emerging research field.
For instance, TensorFlow [3], a dominant deep learning software framework, released a
subset called TensorFlow Lite Micro (TLM) in 2019 [4], which aims to enable execution
of Neural Network (NN) models on microcontrollers. Similarly, research work on edge
computing naturally offers many ideas that can be reused in the MCU context, such as NN
quantization, pruning, and architecture optimizations, as well as provides many examples
of light-weight NN architectures.
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However, microcontrollers are different than other, more typical edge devices. MCU
RAM and program memory size is typically much smaller, often measured in kilobytes [5].
Many MCU devices are battery powered; thus, energy-efficiency is a major concern. GPU
and other hardware accelerators are not typically included in MCU devices. Furthermore,
many MCU devices are subject to high reliability or real-time requirements; if that is the
case, nearly 100% of the MCU time cannot be spent on the inference, as a large safety
margin must be left unallocated. As a result, MCU applications typically rely on classical
ML methods, such as Decision Trees and Random Forest (RF), insofar as they use ML at all.
The research question we ask in this paper is this: does it make sense to use deep
learning on MCU, given the adaptation of the deep learning ecosystem towards MCU, and
the current, more powerful models of MCU? A priori, deep learning is expected to provide
an increased classification accuracy and a simplified software architecture. Using neural
networks allows for simplification of the inference pipeline, as it removes the need for
separate feature selection and extraction steps. However, these benefits must be balanced
with decreased energy efficiency and inference speed.
We focus on human activity recognition using accelerometer data, as this application is
very popular in the field, as well as requires both high accuracy and high energy efficiency
if executed on wearable devices. Furthermore, NN have repeatedly been shown to provide
the best accuracy for this application when compared with other ML methods [6].
Contribution. To answer the research question, we perform an experimental comparison of Convolutional Neural Network (CNN) classifiers with RF classifiers on microcontrollers. More specifically, we:
•
•
•

develop machine learning models (RF and CNN) suitable for activity recognition
on MCU;
port these models to C code to enable their evaluation on MCU; and
investigate and compare performance metrics of these models based on the settings,
such as the model of the MCU, compilation options, quantization options, and input
data window size.

Key results. The results show approximately similar classification accuracy for RF
and NN classifiers. The results also confirm that real-time inference using NN is feasible
on modern microcontrollers, as the fastest comparable (in terms of accuracy) NN classifiers
have inference time on the order of 3 ms on a mid-range microcontroller. However, these
speeds are still relatively slow compared with the RF classifiers, which achieve sub-ms
inference speeds on the same device.
Structure. The paper is organized as follows: In Section 2, we provide an overview
of the background of machine learning on microcontrollers. In Section 3, we describe our
experimental design, including the dataset and parameters of the machine learning models.
In Section 4, we present experimental results. Section 5 contains a discussion of the results,
Section 2.4 surveys related work in the area, and Section 6 concludes the paper.
2. Background and Related Work
2.1. Machine Learning
The last decade has seen an exponential growth in deep learning; it has to some extent
replaced “classical” ML techniques, such as Support Vector Machines (SVM), Linear and
Logistic Regression, Bayesian estimation, Decision Trees, and Random Forests. The rapid
growth of deep learning ML applications is enabled by frameworks, such as TensorFlow [3].
A version of the TensorFlow framework that is targeted towards mobile and IoT devices is
called TensorFlow Lite.
A machine learning model, especially a deep learning model, can be trained directly
on the data that needs to be classified. However, for many types of models, this produces
suboptimal results. In particular, this is the case for the classical ML techniques, including
RF. Better accuracy and training speed is possible if the data is first preprocessed and
a number of features computed from the data. Subsequently, an ML model is trained
on top of these features. Simple statistical features show good results for the activity
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classification problem from acceleration data [7,8]. A great many of such features can
be computed and used; however, some of the features are more informative than others
for a given problem. Similarly, some features are more efficient to compute than others,
leading to a two-dimensional optimization problem to find the best group of features
for the application. In this work, we rely on our previous results to solve the feature
extraction and feature selection problems [9]. We use these features as inputs for our RF
classifiers. For the NN classifier, we use the raw data instead, as common in research
literature. A brief investigation confirms that using features for training NN classifiers does
not give substantially more accurate results, but it does come with an additional run-time
energy cost for the feature extraction step.
2.2. Microcontrollers
A microcontroller is a small computer on a single integrated circuit (“chip”). It contains a processing unit, on-board memory (RAM & program memory), and input/output
peripherals. For the purposes of this paper, we make no distinction between microcontrollers and microcontroller-based Systems-on-Chip (SoC), which may integrate multiple
microcontroller cores with a larger number of peripherals.
Many modern microcontrollers are based on the ARM RISC (reduced instruction set
computing) architectures. Specifically, ARM Cortex-M 32-bit cores are widely used in
low-power embedded systems. Challengers, such as RISC-V, are appearing; RISC-V offers
a fully open instruction set architecture (ISA) that does not require any licensing fees. Chip
companies typically build their microcontrollers around such an ARM or a RISC-V core.
This marks a significant change from just a decade ago, when most controllers were based
on custom 8-bit and 16-bit architectures. The modern 32-bit microcontrollers has access to a
larger memory space and have a much higher computational performance, while keeping
similar or better energy-efficiency [10].
This evolution means that it is now possible to run machine learning classifiers directly
on the microcontroller. The most important features for machine learning are:
•
•
•

•

Current consumption in the active mode. The MCU needs to be energy efficient to
avoid rapidly running out of battery when machine learning is used.
RAM size. Neural network models need to fit in the RAM of the microcontroller; this
means that most state-of-the-art models cannot be directly used.
Flash memory size. Other models, such as Random Forest classifiers, can be placed in
the flash memory instead of RAM; the former usually is larger, meaning that larger
models can be used.
Instruction set. Cortex-M family microcontrollers use ARMv7-M and ARMv8-M
instruction sets, which include instructions specifically optimized for neural networks. There are supporting libraries, such as CMSIS-NN, that allow the use of
these instructions.

Table 1 shows examples of microcontrollers. ATSAM3X8E is a microcontroller that
belongs to the SAM3X family [11] produced by Microchip Technology. It is used in the
highly popular Arduino devices, particularly in Arduino Due (https://store.arduino.cc/
arduino-due, accessed on 24 October 2021). It is a basic Cortex-M3 microcontroller, which
offers quite high performance for applications that do not need to perform many floatingpoint operations. This is the only microcontroller in the table that does not include a
hardware floating point unit (FPU).
nRF52840 [12] and nRF5340 [13] are SoC produced by Nordic Semiconductors. They
are very energy efficient, on par with the best other examples in the class, for example,
the SoC in the Texas Instrument Simplelink series. nRF52840 uses Cortex-M4 core with a
FPU; it has the lowest active-mode current consumption and cost from the microcontrollers
compared in the Table. Many wearable devices use this chip [14,15]. nRF5340 is a more
recent model based on the next-generation Cortex-M33 core; it is the only one in the
table that supports the ARMv8 ISA with several new instructions (the other MCU use the
ARMv7 ISA).
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STM32F746NG [16] belongs to the STM32F series produced by STMicroelectronics. It
features a more powerful and faster Cortex-M7 core with FPU, as well as more peripherals,
compared with the rest of the devices in the Table 1.
Table 1. Example microcontrollers.
Name
ATSAM3X8E
nRF52840
nRF5340
STM32F746NG

Core

Clock
Freq. MHz

Active Mode
Current, mA

RAM
kb

Flash
kb

Price
EUR

Cortex-M3
Cortex-M4F
Cortex-M33
Cortex-M7F

84
64
128
216

70.9
3.3
7.3
102.0

96
256
512
320

512
1024
1024
1024

8.38
3.43
7.20
13.34

2.3. Machine Learning on Microcontrollers
Unlike conventional computing systems, microcontroller operating systems do not
support the typical ML frameworks. These frameworks require a high-level programming
language environment and libraries, which are not part of the software typically running
on microcontrollers. Therefore, the key challenge is to enable either interpretation or direct
execution of ML models in a very limited operational environment.
In order to solve this challenge for NN, works rely on the TensorFlow Lite Micro
framework [4], which utilizes the interpretation approach. The framework allows you
to take a TensorFlow Lite model and upload it to a microcontroller without making any
changes to the model. During run-time, the TensorFlow Lite model is interpreted by
the TensorFlow Lite Micro support library, which is written in C++ and, therefore, can
be compiled to microcontroller-specific machine code. However, a key limitation of this
approach is that not all TensorFlow Lite operations are supported by the TensorFlow Lite
Micro C++ library. For example, it is not possible to run models that use LSTM layers,
1D-convolutions, and a few others. Hybrid quantization is also not supported by the
framework: the model has to be either fully quantized to 8-bit integers or not quantized
at all.
In contrast, for RF models it is more natural to use the direct execution approach. A
RF model can be translated to C programming language code in a fairly straightforward
way, by interpreting a decision tree as a series of if/else statements. Afterwards, the
C code can be compiled and translated to microcontroller-specific machine code that
is directly executable on the microcontroller. Open-source software includes a number
of solutions capable of generating C code from a given machine learning classifier, for
example, the sklearn-porter (https://github.com/nok/sklearn-porter, accessed on 24
October 2021), emlearn (https://github.com/emlearn/emlearn, accessed on 24 October
2021), and m2cgen (https://github.com/BayesWitnesses/m2cgen, accessed on 24 October
2021) libraries. However, the existing solutions produce C code that is suboptimal for lowpower microcontrollers; therefore, for this work, we developed our own code generator
that works on scikit-learn Random Forest and Decision Tree models.
2.4. Related Work
Many different types of machine learning models have been successfully used for
activity recognition from accelerometer data [7], for instance, Random Forest, Logistic
Regression, Neural Network, and Conditional Random Field models. Furthermore, these
models result in comparable predictive performance for the problem [7].
Existing ML solutions for microcontrollers typically use classical ML classifiers, such
as RF, SVM, and Bayesian models [17–20].
A game-changing innovation in the field is the TensorFlow Lite Micro framework [4],
which makes it relatively straightforward to deploy NN models on microcontrollers. However, due to its recency, there have been few academic works using this framework. Among
them, some key papers engage in meta-level research. Banbudy et al. [21] perform NN
architecture search in order to make the resulting models more suitable for microcontrollers.
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Heim et al. [22] develop a toolchain that helps to accurately measure performance of NN
classifiers and optimize them for deployment on microcontrollers. The actual applications
are tackled by a few other papers. Crocion et al. [23] use an on-board NN to estimate Li-Ion
battery State-of-Health, which is an important problem for battery-powered embedded
systems. Coffen et al. [24] apply on-board NN in order to classify hand gestures from
wearable sensor data.
Recently, the MLPerf working group has published “Tiny Benchmark” [25], a benchmark suite for comparing the performance of different NN models on different low-power
hardware in an objective an repeatable way. This benchmark targets four application areas;
however, activity classification is not one of these areas.
None of the research above compares deep learning and classical ML performance on
modern microcontroller hardware platforms for the activity classification problem.
3. Experimental Design
3.1. Dataset
To conduct the experiments, we utilize the PAMAP2 dataset [26]. It is already widely
used by research papers in the area and presents a relatively challenging target in comparison with other lab-based datasets for supervised learning.
The PAMAP2 dataset contains data of multiple physical activities performed by
9 subjects wearing 3 inertial measurement units (IMU). The IMU are placed over the wrist
on the dominant arm, on the chest, and on the dominant side’s ankle. Each IMU samples
3D accelerometer data, 3D magnetometer, and 3D gyroscope data with 100 Hz frequency.
The participants also wear a heart rate monitor. The 12 “protocol” activities in the PAMAP2
dataset are: lying, sitting, standing, ironing, vacuum cleaning, ascending stairs, descending
stairs, walking, Nordic walking, running, and rope jumping. There are 2.87 million data
samples for each sensor in the “protocol” activities of the PAMAP2 dataset.
In this paper, we restrict ourselves to the wrist-based accelerometer sensor. This is
because we are interested in low-energy-consumption activity recognition, and because
wearable accelerometers are most typically placed on wrists. Using all three accelerometer
sensors would increase the energy consumption threefold in a real system, while our
preliminary experiments showing only marginal increase in accuracy. Turning on an
gyroscope sensor on a real sensor leads to a massive increase of energy consumption
in a real system, as low-power gyroscopes typically consume two to three orders of
magnitude more energy than low-power accelerometers. For instance, the ICM-20948 [27]
low-power IMU consumes 68.9 µA in accelerometer-only mode, but 1230 µA in gyroscopeonly mode, while standalone accelerometers, such as MC3635 [28], consume only 2.8 µA
when sampling at 100 Hz. Magnetometers are in-between accelerometers and gyroscopes in
terms of energy-consumption (90 µA in magnetometer-only mode for ICM-20948), but they
have much lower informative value on their own compared with the other two sensors.
3.2. Dataset Preparation
In order to run activity classification on the dataset, the data is first segmented in short
windows. We experiment with both 128-sample and 256-sample windows (1.28 and 2.56 s,
respectively), as these are typical values shown to give good results for this application [7].
We only consider windows with at least 23 majority labels.
We use cross-validation with one subject left out test data, and rely on the micro F1 score
as the measure of classification accuracy. The approach works as follows: the nine human
subjects in the dataset are processed iteratively. In each iteration, we train the selected
classifier on eight subjects and use the single subject left out as a test data to obtain a test F1
score. Finally, we report a single number: the mean of the test F1 scores.
This approach allows us to use windows with a large overlap (i.e., have a lot of very
similar input data samples) without worrying about corrupting the results due to potential
overfitting. While this is a challenging setup, it is also more realistic in that it also reflects
typical applications where a wearable device will not be trained on the user wearing
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it. Initially, experiments showed that larger overlaps show better results with the deep
learning classifiers. This is not surprising: larger overlaps means that the total number of
input windows is larger, and deep learning is known to require large amounts of input
data for good performance. Based on the empirical results shown in Section 4.3, we use the
maximum possible window overlap for all classifiers: 127 sample overlap for 128 sample
windows, and 255 sample overlap for 256 sample windows.
3.3. Classification with Neural Networks
Architectures
While it has been shown numerous times that neural networks are able to accurately
perform activity recognition from raw accelerometer data, there are numerous neural
network architectures proposed to do this [6,7,29]. Typically, however, these architectures
are designed with too little regard for energy efficiency, and they often use functionality
not supported in typical microcontrollers with current deep learning frameworks, such as
the lack of support for recurrent neural networks in TensorFlow Lite for Microcontrollers.
With this limitation in mind, we select two different architectures from the neural network activity recognition literature which can be implemented in this setting. The first is
PerceptionNet [6], which is a four-layer neural network architecture, comprised of three
convolutional layers and a final fully connected layer. We also implement another convolutional model, which we call DeepCNN, originally proposed by Ordóñez and Roggen [29]
to demonstrate the superiority of recurrence (which, as noted previously, cannot be used
here) for activity classification. This network is similar to PerceptionNet in that it consists
of four convolutional layers, but it also includes two additional fully connected layers. Notable hyperparameters describing all neural network models can be found in Table 2, and a
visualization of each architecture can be found in Figure 1, with the visualizations produced
using net2vis [30].
Table 2. A comparison of the three neural network architecture main features.

Input Shape
Convolutional Layers
Convolutional Filters
Convolutional Strides
Convolutional Kernels
Pooling Layers
Dense Hidden Layers (Neurons)

PerceptionNet

DeepCNN

Custom

(3, 128, 1)
3
48, 96, 96
1, 1, 3
(1, 15), (1, 15), (3,15)
3
0 (0)

(128, 3, 1)
4
64,64,64,64
1
(5,1)
0
2 (128, 128)

(1, 128, 3)
1
32
(1, 8)
(1,64)
2
1 (16)

While both models are reported to perform well, as shown in Section 4, both are
too large to run on the microcontrollers. Further, when their power is measured, it is
significantly larger than that of the Random Forest method. Thus, we designed a new
smaller architecture in an effort to maintain predictive performance while minimizing
memory and energy usage. The resulting model consists of a single convolutional layer,
with 32 one-dimensional convolutional filters, a fully connected layer with 16 neurons,
and a final output layer with a neuron for each class. Other significant architecture efficiency decisions include increasing the stride length of the convolutions to 8 with a kernel
size of 64.
The general principle of this approach was to design a lightweight CNN with 1D
convolutions. As (large) CNNs have been shown to be effective at this task, and as recurrent
layers are not possible on the microcontrollers currently, we use a single convolutional
layer and a single fully connected layer with a small number of filters and neurons. We
further reduce the number of operations by increasing the stride length. Experimentally, we
considered other additions to the architecture, such as the use of use of more filters, but found
that they offered little performance gains but at the cost of increased energy usage. Figure 1
shows the three architectures evaluated, with Figure 1a showing the architecture of the custom
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CNN. Note that we include two dropout layers (0.5) in the architecture, in order to improve
predictive performance, but these have no effect on energy usage as they are deactivated
during inference. Further, our custom model makes use of L2 activity regularization (0.01) on
the convolutional and fully connected layers, as well as kernel regularization (0.05) on the
fully connected layer.

32

1x3

32

1x3

1x9

1x128

1x128

3

32

13
96

16

16

(a)

64

64

64

64

112x3

116x3

120x3

124x3

128x3

128x3
1

13

21504

128

128

128

128

(b)

96

3x7

96

3x21

96

3x21

96

3x43

48

3x57

48

3x57

48

3x114

3x128

3x128

1

13
96

96

96

(c)
InputLayer

Conv2D

MaxPooling2D

Dropout

Flatten

Dense

(d)
Figure 1. Visualizations of the different architectures evaluated. (a) The architecture of the custom CNN.
(b) The architecture of the deep CNN. (c) The architecture of PerceptionNet. (d) Architecture legend.

3.4. Classification with Random Forests
3.4.1. Features
It is widely known that activity classification with Random Forests does not give
good results if performed directly on the raw data. Instead, multiple features should be
first extracted from the raw data, which then can be passed to the Random Forest as input
data. Features can be time-domain, frequency-domain, and other; they can be statistical or
hand-crafted for a specific application.
Fortunately, we can automate the selection and extraction of features by reusing our
previous work [9], which provides a software framework for this purpose. The framework
allows the user to define the relative importance of energy consumption and classification
accuracy. Given this input, it will automatically select the groups of features with the best
trade-offs between these two metrics and quantify the energy required to compute these
features on a microcontroller.
3.4.2. Other Parameters
The following parameters also affect RF performance:
•
•
•

number of trees;
maximum depth of trees; and
the splitting metric, and the minimum number of items per class.

A larger number of trees and deeper trees may give better classification accuracy, but
require more space in the program memory and decrease the classification speed. We look
at these trade-offs in the performance evaluation (Section 4). As for the splitting metric
and other parameters, in this work, we leave these values to the defaults provided by
scikit-learn.
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4. Experimental Evaluation
4.1. Experimental Settings
In this section, we describe the main experimental settings used in the performance
evaluation of the different machine learning classifiers.
Table 3 shows the main experimental settings selected for the evaluation. We design
and evaluate classifiers that recognized the 12 “protocol” activities in the PAMAP2 dataset.
In the evaluation, we experiment with different microcontrollers, but focus on nRF5340 as
our main target, at is it a mid-range microcontroller with a relatively high RAM and flash
memory capacity, low price, and the most up-to-date instruction set (Table 1). While more
powerful MCU, such as STM32F746NG, are available, they have much higher price and
energy consumption per operation.
Table 3. Experimental settings.
Property

Value

Common Settings
Window size
Dataset
Number of classes

128 or 256
PAMAP2
12

Neural Network
Framework
Training epochs
Batch size
Quantization
Convolutional layers
Convolution filters

TensorFlow Lite Micro v2.4.0
200
4096
int8
1
32

Random Forest
Framework
Number of trees
Max depth
Number of features

scikit-learn
50
9
9

Regarding Random Forests, the most important parameters to select are the number
of trees, the maximal tree depth, and the pre-computed features to use in the classification.
The values of the former two are selected to enable running the classifier on all of our target
microcontrollers. Regarding features, we rely on our previous work on feature selection [9].
We pre-compute a large number of features, and use the greedy algorithm [9] to select the
ones with the best energy/accuracy tradeoff. What remains to be done is to determine
the number of features to use. By looking at the classification accuracy obtained by using
progressively more features, we can see that the accuracy plateaus after more than nine
features are used (Figure 2). Hence, we use the best nine features in our further experiments.

1.0

F1 score

0.8
0.6
0.4
0.2
0.0

0

10

20

30

Number of features

40

50

Figure 2. Feature selection for the Random Forest. The red dot marks the near-top accuracy achieved
at 9 features.
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Regarding Neural Networks, it is important to verify that the training is complete, and
that no large overfitting or underfitting occurs. To control this, we plot the training history
(Figure 3). It is clear that, after a few tens of epochs, the maximum accuracy on the test data
is achieved. Increasing the number of epochs neither increases nor increases the accuracy
on the test data. For extra safety, we use 200 training epochs in our further experiments.

0.8

F1 score

0.6
0.4
0.2
0.0

Train
Test
0

100

200

Epoch

300

400

500

(a)

0.8

F1 score

0.6
0.4
0.2
0.0

Train
Test
0

100

200

Epoch

300

400

500

(b)
Figure 3. Custom CNN score evolution on training and test subsets. (a) Window size 128. (b) Window
size 256.

4.2. Random Forest Evaluation
Figure 4 shows the tradeoff between the window size and the number of trees, in
terms of classification accuracy and performance. A very small number of trees, such as
10 trees, leads to reduced classification accuracy. However, adding more than 50 trees
results in marginal gains.
Larger window size leads to better classification accuracy, since the classifier is able
to see more of the input data. It also has only a constant impact on the speed, since the
only part that changes is the feature extraction step, which does not depend on the RF
parameters. Finally, the RF operating on a larger window actually takes less memory, as it
is simpler. If a large number of trees is desired, then, using a large window size is a tradeoff
almost certainly worth making.
Finally, we can note that a single inference only requires around 1 ms to execute. To
spell the conclusion out, RF for activity classification are very fast and efficient. Using an
RF for the task allows for performance of hundreds of inferences in a second, without even
requiring that the MCU is 100% committed to this task alone. If a high energy efficiency is
desired instead, very low MCU duty cycle can be achieved, spending up to 99.9% of the
MCU time in a low-power mode.
4.3. Neural Network Architecture Evaluation
Table 4 shows the effect of the window overlap size on each of the models. For DeepCNN and PerceptionNet, the mean and standard deviation (in brackets) is reported over three
runs, while, for the custom model, this is reported over ten runs (due to increased efficiency).
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Table 4. Window overlap size effect.
Window Overlap

DeepCNN

PerceptionNet

Custom

99%
66%
50%

0.73 (0.002)
0.74 (0.005)
0.74 (0.002)

0.68 (0.008)
0.66 (0.001)
0.64 (0.011)

0.69 (0.006)
0.52 (0.010)
0.42 (0.19)

When the overlap between windows used in the training data is small, the state-ofthe-art models show much better performance than our custom CNN. However, when the
amount of training data is increased by setting the maximum overlap, the custom model
achieves nearly the same accuracy, which is also similar to the results achieved by the
50-tree RF classifier (Figure 4a).

Window size 128
Window size 256

F1 score

0.775
0.750
0.725
0.700
0.675
0.650

0

20

40

60

Number of trees

80

100

(a)

Inference time, ms

103

103

Flash usage, kb

0.800

102

101

Window size 128
Window size 256
0

20

40

60

Number of trees

80

100

(b)

Window size 128
Window size 256

102
101
100
10

1

0

20

40

60

Number of trees

80

100

(c)
Figure 4. Random Forest accuracy and performance. Results on nRF5340. (a) F1 scores. (b) Flash
memory usage. (c) Inference time, including feature extraction time.

Unlike the other experiments, the comparison of the different CNN architectures is not
done on a microcontroller, but instead on a more powerful system. The CNN architectures
from the research literature are not suitable for execution on microcontrollers due to their
size (Figure 5b), so we use Raspberry Pi Model 4B instead. The software libraries remain
the same as for MCU; in particular, we use the TensorFlow Lite Micro framework, and we
compile the software libraries with CMSIS-NN support enabled.
Figure 5 shows the results. The custom model demonstrates similar classification
accuracy while being approximately 290 times faster than the state-of-the-art models. With
window size 128, it also 40 times smaller than the PerceptionNet and 263 times smaller
than the DeepCNN. With window size 256, the size difference is approximately 33 times
with PerceptionNet and 430 times with the DeepCNN. These results demonstrate the
importance of developing custom CNN models suitable for microcontrollers.
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Figure 5. CNN accuracy and performance depending on the architecture. Results on Raspberry Pi;
DeepCNN with window size 256 fails to fully build on this system; its inference speed is not measured.
(a) F1 scores. (b) Memory usage. (c) Inference time.

4.4. Neural Network Optimization Evaluation
The impact of quantization is shown in Figure 6. Only unquantized models and
models with full int8 quantization are supported by TensorFlow Lite Micro at the moment.
The results show that quantization has some positive impact on the model size; however, it
is even more important for execution speed, achieving an order of magnitude improvement.
Figure 7 shows the impact from enabling hardware FPU and enabling software optimizations for the target hardware by using the CMSIS-NN library. In this particular
instance, the FPU has no effect on the speed, as the model is fully quantized and does not
require any floating point operations during runtime. In contrast, enabling the CMSIS-NN
library has the largest impact from all options tested, speeding up the inference by two
orders of magnitude. Other, earlier models that we developed did require FPU despite also
being fully quantized; however, the impact of FPU for those models was still much smaller
than the impact of CMSIS.
4.5. Neural Network and Random Forest Comparison
Figure 8 shows the performance comparison between CNN and RF models. The CNN
are optimized for the maximum performance, with CMSIS-NN and FPU enabled, as well as
int8-quantized (Table 3). Nevertheless, the inference speed of the RF classifiers is several
times higher depending on the window size and on the microcontroller model.
The differences between the microcontroller models are relatively small and are mostly
explained by their different CPU clock frequencies.
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Figure 6. The impact of quantization on the performance of the custom CNN. Results on nRF5340.
(a) Memory usage. (b) Inference time.
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Figure 7. The custom CNN inference speed depending on build options. Results on nRF5340.
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Figure 8. The custom CNN and RF inference speed comparison on different microcontrollers. CortexM3 was not able to run the CNN with window size 256 due to its limited RAM. RF with feature
window size 128 not shown, as its speed closely matches the RF with window size 256.
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5. Discussion
5.1. Neural Network Performance Factors
A number of factors impact the speed of Neural Networks on microcontrollers.
Neural Network architecture and quantization. It goes without saying that NN
architecture plays a big role in the performance. The results allow for quantification of the
exact impact of a few different architectures. We show that a simple custom CNN model
gives almost identical classification accuracy compared with state-of-the-art CNN models,
while having more than an order of magnitude lower size and faster inference speed, hence
proportionally lower energy consumption. Quantization has an order of magnitude impact
on the speed, as well, although its impact on the size is much more limited.
Microcontroller core architecture. The results show clear differences between the
different microcontrollers with Cortex-M cores. However, most of these differences can be
explained by improvements in MCU clock frequency. If we control for this factor, the actual
differences between Cortex-M3, Cortex-M4, Cortex-M7, and Cortex-M33 architectures are
relatively small: a few percent to a few tens of percent. The updated instruction sets of the
newer MCU models do have some impact, but it pales in comparison with other items in
this list.
Software specifically optimized for the target hardware. Enabling the CMSIS-NN
hardware acceleration library has one-to-two orders magnitude impact on the CNN performance (Figure 7). Only major changes in the CNN architecture itself have a higher impact.
If the CNN architecture is fixed, then, using the CMSIS-NN library is the most important
factor required to achieve fast inferences on ARM-based microcontrollers.
5.2. Potential Criticisms of This Work
In this section, we review and address some potential criticism of this work, and
clarify its scope and assumptions.
Training data amount.
Issue: Deep learning is known to benefit from larger datasets relative to classical ML
methods. Increasing the training data amount will increase the accuracy substantially more
for CNN than for RF, making the CNN more competitive.
Our comment: Data collection in ML is not a straightforward process, as larger datasets
often require extensive efforts to collect and label, and increased sizes often lead to increased
issues with data quality. Many real-world applications require good performance from
reasonably-sized datasets.
Complexity of applications.
Issue: Modern wearable devices include an ever increasing set of sensors that can help
with activity recognition and analysis, and more sensors including on-board cameras are
constantly proposed by the research community. These enable new, more complex activity
recognition applications that would benefit from the more powerful CNN classifiers.
Our comment: The accelerometer sensor has proven to be an accurate, energy-efficient,
and versatile component of activity recognition system; it consumes several orders of
magnitude less energy compared with gyroscopes and embedded cameras. For roughgranularity activities, such as the ones analyzed in this work, accelerometers are typically
considered sufficient in the existing literature. We make no claims about higher-granularity
activity recognition nor about more complex applications (e.g., skill assessment, quality-ofmovement assessment).
Robustness of classification.
Issue: Deep learning is known to be more robust than classical ML techniques, especially those which rely on manually engineered features.
Our comment: We admit that the performance on a dataset collected in a controlled
environment may not translate to similar performance on real-world data, and, in our
future work, we will be looking at the robustness of ML classifiers for activity recognition.
However, the features used by the RF are not manually engineered ones specific for this
application; they are common statistical features used in wide variety of areas. Furthermore,
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the results are obtained without any frequency-domain features; these common features
can be added to the RF input data, further increasing the RF accuracy.
Moore’s Law.
Issue: Moore’s Law renders performance concerns irrelevant to longer time frames.
Our comment: It is not clear how long Moore’s Law will continue to last. Regardless,
our focus is on low-cost, energy-efficient common microcontroller. The performance metrics
in this field require a tradeoff between computational speed from one side, and energy
efficiency and unit cost from the other side. Moore’s Law in this field may manifest not
only as performance increase but also as decreased cost and energy usage, while keeping
performance at the same level. Cheap, low-performance microcontrollers are not going
to disappear.
Dedicated hardware.
Issue: Hardware accelerators for deep learning are going to become commonplace,
rendering the current comparison irrelevant.
Our comment: The evaluated micro-controllers already include ISA optimized for deep
learning applications. Using these optimized instructions leads to an order-of-magnitude
improvement in the CNN inference speed; in contrast, the RF performance is not affected.
Further optimizations and hardware add-ons may come; however, the concerns about unit
cost and energy efficiency make it unlikely that massive deep learning accelerators are
going to be deployed most microcontroller devices.
6. Conclusions
We select human activity recognition as our target application and compare the accuracy and performance of deep learning models (specifically, CNN) with a classical ML
technique (Random Forest). The results show that the RF achieves slightly better classification accuracy with several times higher performance, even when a heavily optimized
version of a CNN is used. It is also worth stressing that the RF classifier required an order
of magnitude less human effort and expertise to design than the custom CNN. The same
can be said about the computational time required to train the two respective classifiers
for our particular experiments. These results cast doubt on the suitability of deep learning
for this particular application, at least on the current generation of microcontrollers. As a
result, the question posed in the title of this paper has a negative answer at this time.
We also identify the main performance factors for deep learning on microcontrollers. In
decreasing order, they are: NN architecture; enabling hardware optimized libraries, such as
CMSIS-NN; NN quantization; microcontroller clock frequency; and, finally, microcontroller
instruction set.
Depending on the network architecture, other aspects, such as hardware FPU, may
also be important. For example, if network quantization is either not used at all or if hybrid
quantization is applied, then floating point operations are necessary, and FPU becomes
important. In the future, we plan to study the impact of the network architecture choices
on the performance, including investigating the exact conditions when hardware FPU is
beneficial, as well as performance impact of architecture aspects, such as the convolution
filter dimensions, stride length, and padding.
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