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Abstract. Human activity classification is assuming great relevance in
many fields, including the well-being of the elderly. Many methodologies
to improve the prediction of human activities, such as falls or unex-
pected behaviors, have been proposed over the years, exploiting different
technologies, but the complexity of the algorithms requires the use of
processors with high computational capabilities. In this paper different
deep learning techniques are compared in order to evaluate the best com-
promise between recognition performance and computational effort with
the aim to define a solution that can be executed by an IoT device, with a
limited computational load. The comparison has been developed consid-
ering a dataset containing different types of activities related to human
walking obtained from an automotive Radar. The procedure requires
a pre-processing of the raw data and then the feature extraction from
range-Doppler maps. To obtain reliable results different deep learning
architectures and different optimizers are compared, showing that an
accuracy of more than 97% is achieved with an appropriate selection of
the network parameters.
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1 Introduction

Automatic human activity classification is an active research field with appli-
cations in various contexts, such as smart monitoring, video retrieval, ambient
assisted living, surveillance, etc. Mainstream techniques rely on multiple sensors
placed in different parts of the human body [23], on sensors of smartphones and
wearable devices (such as wristbands and watches) [25], while contactless technolo-
gies are assuming a growing relevance, thanks to their ability to provide constant
monitoring without the need of placing sensors in precise positions. Among these
methodologies, Radar technology has been recently applied to identify people on
the basis of their gait characteristics [16,21] and gestures recognition [15,22].

Activity classification is usually performed by applying machine learning and
deep learning techniques. The rise of convolutional neural networks (CNN) has
resulted in the development of categorization networks such as AlexNet [12] and
VGG [18]. AlexNet that is the first DNN (deep neural network) published in
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2012 significantly improved identification accuracy (10% higher) in comparison to
traditional approaches on ImageNet’s 1000 class. Since then, literature has focused
on both, creating networks accurate and designing efficient in terms of computa-
tional cost. However, there is a lot of literature that discuss new architectures in
terms of layer composition performance. There are few papers [1] which evaluate
factors related to computational cost like execution time, memory usage, etc., and
more relevantly, how computational efficiency impacts precision.

In this paper, we conduct different experiments to assess the benefits and
drawbacks of the application of several existing deep neural networks (DNNs) on
human activity classification. In particular, we consider the selection of 6 DNNs
originally developed for image recognition and we evaluate their performance on
images derived from the raw signal of an automotive FMCW Radar and then
processed to obtain range-Doppler images as final output. Classification results
are obtained considering the dataset in [5], made up of 171 images associated to
three different activities, i.e., fast walk, slow walk and slow walk with hands in
pockets. Two of these activities are very similar, so they are sometimes merged
in order to achieve better results in terms of accuracy and loss functions. The
dataset has been created with participants with different characteristics, such
as age, sex, height and weight. Subjects walked back and forth the Radar used
in the experiments within a distance of 12 m. Similar comparative studies have
been developed in [2,13] on a very large dataset of plant diseases, while we test
DNNs for human activity classification, which involves the resolution of different
issues, starting from the small dimension of our dataset.

The rest of the paper is organized as follows. In Sect. 2 hardware and software
used in our experiments are detailed. In Sect. 3 are introduced the DNN archi-
tectures. The performance metrics and the described results are finally presented
in Sect. 4. Final considerations and remarks are provided in Sect. 5.

2 Materials and Methods

2.1 FMCW Radar

Frequency Modulated Continuous Wave (FMCW) Radar technology has recently
improved its presence on the market due to its growing application in the auto-
motive field. Devices that apply this technology are able to detect targets and
to measure their velocity and angle of arrival. A simplified block scheme of this
type of sensors is depicted in Fig. 1.

Angular information can be obtained with a Multiple-In-Multiple-Out
(MIMO) sensor. In communications MIMO is generally used to improve the
data throughput, while in Radar systems this technology is used to obtain the
angle information exploiting the different phases of the echoed signals [6,11,19].
Thanks to the characteristics of radar sensors working with carrier frequencies
between 77 to 81 [GHz] and given the wavelength involved, it is possible to
obtain very interesting and precise information about the targets. In particular,
the micro-Doppler extracted from the processing of these types of Radar signals
can be exploited for classification purposes [14,16].
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Fig. 1. FMCW Radar block scheme.

The dataset considered in the present work consists of range-Doppler maps,
each of these images containing the micro-Doppler information related to differ-
ent activities. The data processing necessary to obtain the maps from raw data
is as follows. The considered sensor is the AWR1642, which is connected to the
DCA1000 FPGA. A second board is used to configure the Radar sensor, collect
the data, and stream the raw samples on the computer [8,9]. AWR1642 uses two-
transmitter and four-receiver MIMO antennas. This means that the analog-to-
digital converters sample four beat signals, which are then summed together. The
summation improves the signal-to-noise ratio of the maps. At this point, only one
signal is obtained and it is then reorganized into a Fast-Time/Slow-Time matrix.
The Fast-Time represents the sample collection time (i.e., the sampling time of the
analog-to-digital converters), while the Slow-Time represents the pulse repetition
interval. An example of this map is reported in Fig. 2.
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Fig. 2. Example of Fast-Time/Slow-Time matrix.
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From these data matrices, it is possible to obtain the range-Doppler maps by
performing a Fast Fourier Transform (FFT) along the Fast-Time axis and along
the Slow-Time axis. The range-Doppler maps can be therefore used to train
and test the classification algorithms. An example of the result of the whole
pre-processing operation is shown in Fig. 3.

Fig. 3. Example of Range-Doppler map. Fast-Time has been converted into range
distance and Slow-Time into Doppler.

2.2 Overview of CNNs

In this section, we provide a brief description of the CNNs architectures con-
sidered for our experiments. Because of the small dimension of the dataset in
[5], transfer learning is applied [17]. TensorFlow package 2.3.0 is used to process
neural networks with CUDA-V11.0 and cuDNN-v7.1 as the back-end.

A CNN architecture is made up of different layers, namely, the convolu-
tional layer, pooling layer, reLU layer, fully connected layer, and loss layer. The
convolutional layer is the main component of a CNN, comprising of filters (or
kernels) that identify and forward various sorts of characteristics from the input.
A pooling layer is included between consecutive convolutional layers to minimize
the parameters in the network. The ReLu layer is a function that converts the
negative numbers to zero.

We choose several types of networks, some of which are meant to be even
more effective in terms of performance related to our small dataset. In certain
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situations, the number that appears with the name of architecture represents
the number of layers containing parameters to be learned (e.g., convolutional,
or fully connected layers). The considered architectures are the following:

1. ResNet50
2. Inception ResNetV2
3. InceptionV3
4. VGG16
5. VGG19
6. Xception

A general overview of the different architectures is provided in the following,
along with a brief description of the optimizers considered in our simulations.

The same sampling policies are applied to all the selected networks in order
to have a direct fair and precise comparison. InceptionResNet-v2, Inception-v3,
and Xception models require normalized images with 229 pixels, while for all the
other models 224 pixels are used. Our study is focused on accuracy rate, model
complexity, and inference time.

2.3 VGG

VGG16 [18] is composed by 16 levels divided into convolutional layers, max-
pooling layers, and fully linked layers. It has 5 blocks and a maximum pooling
layer in each block. Similarly, VGG19 contains 19 layers, with three additional
convolution layers in the last three blocks. Both VGG16 and VGG19 excel in
image recognition thanks to their deep layers.

2.4 InceptionV3

Deep convolutional architecture Inception V3 is frequently used for classification
problems. Szegedy et al. [20] first suggested the model notion in the Google Net
architecture where this model is proposed by upgrading the inception module.
Each block of the Inception V3 network contains many branches of convolu-
tions, average pooling, max pooling, concatenated, dropouts, and fully connected
layers, with each block having several symmetric and symmetric construction
blocks. The network contains 42 layers and 29.3 million parameters; thus, its
computing cost is only around 2.5 times that of GoogleNet. The combination of
a reduced parameter count and additional regularization with batch-normalized
auxiliary classifiers and label-smoothing allows for training higher quality net-
works on small training sets.

2.5 Residual Network (ResNet)

He et al. [7] developed the ResNet models, which are based on deep architectures
that have demonstrated strong convergence tendencies and convincing correct-
ness. ResNet was created using many stacked residual units and a variety of lay-
ers. However, depending on the design, the number of operations can be changed.
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Convolutional, pooling, and layers make up the residual units for all the above.
ResNet is comparable to VGG net but it is eight times deeper. The ResNet 50
network has 49 convolutional layers and a fully linked layer at the end.

2.6 Xception

Xception [3] is based on depthwise separable convolutional layers. This neural
network architecture has 36 convolutional layers. In this way, the feature extrac-
tion base of the network is formed. Except for the first and the last modules, all
thirty six layers are divided into 14 modules, all of which contain linear residual
connections surrounding them. In summary, the Xception design is a depth-
wise separable convolution layer stack with residual connections. This lets the
architecture be easily modifiable and defined simply using high-level libraries.

2.7 Optimizers

Gradient descent is the most used method to improve the learning of deep neu-
ral networks. It basically updates each model parameter, verifying how it affects
the objective function, and iterates until this function converges to the mini-
mum. Stochastic Gradient Descent (SGD) is a well known variation of gradient
descent. The Adaptive Gradient Algorithm (Adagrad) optimizer [4] is designed
to deal with sparse data. It adapts the learning rate to the parameters, per-
forming smaller updates (i.e. low learning rates) for parameters associated with
frequently occurring features, and larger updates (i.e. high learning rates) for
parameters associated with infrequent features. Adadelta is instead an extension
of Adagrad developed in [24], simultaneously to Root Mean Square Propagation
(RMSprop), with the aim of solving Adagrad’s diminishing learning rates. Adap-
tive Moment Estimation (Adam) [10] is another method that computes adaptive
learning rates for each parameter.

3 Proposed Methodology

As already mentioned in the previous sections, the dataset in [5] is considered.
Dataset was built at Marche Polytechnic University. Different subjects of age,
sex, height, and weight participate in the tests, repeating each activity (slow
walk, fast walk and walk with the hands in pockets) three times. A total of 171
images of 224× 224 pixels are built. The raw data obtained from the Radar are
processed to obtain range-Doppler maps as described in Sect. 2.1 and feature
detection is applied to smooth the signals.

The proposed methodology is conceptualized in Fig. 4. All the images are col-
ored (RGB). Classification is performed by exploiting the range-Doppler maps.
Data Augmentation is used to pre-process the range-Doppler images to remove
noise or redundancy. Also, it increases accuracy and rushes the execution. For
this purpose, Keras deep learning library in Python is used. When a large amount
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Fig. 4. Conceptual model of the proposed methodology.

of data is available, a model is built from scratch to solve a specific problem. Dif-
ferently, when the dataset dimension is small, transfer learning is usually applied,
and a model built by training on a larger dataset can be used as a starting point
to train the network on our specific data.

Numerous pre-trained models are available under certain conditions. For our
implementation, we used six pre-trained models, namely, VGG16, VGG19, Incep-
tionResNetV2, InceptionV3, ResNet50, Xception. We fine-tuned all the models
on the last layer. All 171 images are randomly generated using ImageDataGener-
ator. Training and testing image datasets used the same data generators. These
ImageDataGenerators apply pre-processing while generating the images. We also
use label encoding to get the categorical output. When the validation accuracy
stops improving, early stopping is used to terminate the training process. The
underlying model is then combined by a GlobalAveragePooling layer, which is
used to reduce the data and prepare the model for the final classification. After
that, a BatchNormalization layer is introduced for model stability and to have
a faster execution, resulting in fewer training epochs. The last layer exploits a
dense layer and a SoftMax activation function for extracting and categorizing
the output. The weights are updated using different optimizers with an activa-
tion function of softmax in the final layer for classifying output. Optimizers are
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used to update the weights. The performance of the network is measured using
a categorical loss function. A dropout is added to avoid overfitting.

After verifying that a number greater than 100 epochs leads to overfitting,
the models are trained using a size batch of 50 and 100 epochs on the training
set and then tested on the test set. At the end we evaluate the performance of
the chosen models as a function of different parameters.

4 Experiments and Results

We here present a comparison of the results obtained by applying different neural
networks and different optimizers to the dataset in [5]. For the sake of repro-
ducibility, we select a random seed equal to 1337. This choice does not influence
the results, since they are averaged over multiple random selections. The dataset
then is randomly split into 80% for training, 10% for validation, and 10% for
testing. This is done to prevent results from repeating each time the algorithm
is rerun. The considered output classes are:

– Fast walk;
– Slow walk;
– Slow walk with hands into pockets.

We first define the metrics which will be used to evaluate the performance of
the proposed methodologies. They are based on the so-called confusion matrix,
whose columns represent the predicted values for each class, while the rows
represent the real values. The most common metric is the accuracy, which is
defined as

Acc =
TP + TN

TP + TN + FP + FN
, (1)

where TP and TN stand for true positives and true negatives, while FP and
FN are the false positives and the false negatives.

A loss function measures the probabilities or uncertainty of a prediction based
on how much the prediction varies from the true value. Differently from accuracy,
the loss is computed as a summation of the errors made for each sample in
training or validation sets, and is not evaluated as a percentage. Loss is often
used in the training process to find the ”best” parameter values for the model
(e.g. weights in neural network). During the training process, the goal is to
minimize this value. In the following, we consider the categorical cross-entropy
loss.

Another useful metric is the precision (also called positive predictive value),
which corresponds to the ratio of correctly predicted positive observations to the
total predicted positive observations or

P = TP/(TP + FP ). (2)

Recall (also known as sensitivity) is the ratio of correctly predicted positive
observations to all observations in actual class

R = TP/(TP + FN). (3)
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Table 1. Accuracy and loss for two activities. Accuracy values are reported as per-
centages.

Model VGG16 ResNet50 Inception ResNetV2 InceptionV3 Xception VGG19

Optimizer ACC LOSS ACC LOSS ACC LOSS ACC LOSS ACC LOSS ACC LOSS

Adam 93.75 0.17 85.71 0.32 95.92 0.63 97.96 0.11 93.97 0.13 93.75 0.29

RMSprop 93.75 0.17 81.63 0.36 97.96 0.06 97.96 0.05 97.96 0.07 93.75 0.25

SGD 87.50 0.27 67.35 0.54 89.80 0.22 95.92 0.16 91.84 0.20 81.25 0.37

Adadelta 81.25 0.48 67.35 0.51 89.80 0.27 87.76 0.25 89.80 0.25 81.25 0.50

Adagrad 93.75 0.19 89.80 0.34 97.96 0.04 95.92 0.06 97.96 0.06 93.75 0.27

Adamax 93.75 0.17 89.80 0.40 97.96 0.07 97.96 0.05 95.92 0.14 93.75 0.29

Table 2. Accuracy and loss for three activities. Accuracy values are reported as per-
centages.

Model VGG16 ResNet50 Inception ResNetV2 InceptionV3 Xception VGG19

Optimizer ACC LOSS ACC LOSS ACC LOSS ACC LOSS ACC LOSS ACC LOSS

Adam 60 0.66 53.3 0.74 66.7 2.2 66.7 0.51 66.67 3.44 66.67 0.75

RMSprop 66.7 0.74 53.3 0.91 80 1.1 86.7 1.49 80 1.70 73.3 0.68

SGD 60 0.94 33.3 1.08 73.3 0.66 86.7 0.56 60 0.85 53.3 0.89

Adadelta 60 1.01 53.3 0.99 53.3 0.77 60 0.65 60 0.77 60 0.97

Adagrad 53.3 0.68 60 0.82 80 0.77 66.7 0.66 73.3 0.87 53.3 0.74

Adamax 80 0.67 46.6 0.82 80 0.90 86.7 2.50 66.7 1.30 60 0.77

The F1 score is the harmonic mean of the precision and recall, where an F1 score
reaches its best value at 1 (perfect precision and recall). Therefore, this score
takes both false positives and false negatives into account as follows

F1 = 2RP/(R + P ). (4)

The accuracy and loss for two and three activities are shown in Tables 1 and
2, respectively. Different optimizers are selected for each type of CNN. In the
two-activities test, we have an imbalance between the folders because the slow
walk and slow walk with hands in pockets classes are merged. This gives us some
fluctuation in the results of the training and validation loss. It is possible to rve
that the Inception family of algorithms leads to the best results for the two
activities case, especially when the RMSprop optimizer is selected. The small
dimension of the dataset deeply affects the results when three different activities
are considered, as evident from the high values of the loss function. This reflects
the fact that there are not enough images to perform a correct classification,
and the model easily tends to overfit. An accuracy of more than 86% is however
achieved by InceptionV3 network is SGD optimizer, with an overall contained
loss with respect to the other cases.

In Table 3 we report the precision and recall values and the F1 score for three
CNNs, i.e., VGG16, ResNet50 and Inception ResNetV2. We select the optimizers
which give the best results and corresponds to Adagrad, RMSprop and Adam,
respectively. In general, there is no CNN or optimizers which results the best in
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all cases, so a suitable configuration must be selected depending on the scenario
and the parameters that we want to maximize.

Table 3. Precision, recall and F1 score for the FastWalk and SlowWalk activities.

Model VGG16 ResNet50 Inception ResNetV2

P R F1 P R F1 P R F1

FastWalk 1 0.43 0.6 1 0.57 0.73 0.6 0.43 0.5

SlowWalk 0.75 1 0.86 0.8 1 0.89 0.71 0.83 0.77

Table 4. Execution times required by different algorithms for the three activities case.
All times are reported in seconds.

Model VGG16 ResNet50 Inception ResNetV2 InceptionV3 Xception VGG19

Adam 30 100 38 55 107 21.04

RMSprop 52 195 75 93 150 42.4

SGD 19 68 24 30 47 17

Finally, in Tables 4 and 5 we compare the execution times required by each
algorithm. Indeed, complexity and duration of running algorithms is an impor-
tant parameter to take into account when dealing with IoT devices, which have
limited storage and computational capacity. Algorithms have been tested using
a Windows 10 Pro 64-bit (10.0, Build19042.789), Version 20H2, Intel Core I7-
5500U, CPU @ 2.40 Ghz RAM 16 GB, Display NVIDIA GeForce 920M 4 GB.
In this case there are no evident differences between the cases with two or three
activities. In both scenarios SGD takes less time than other optimizers, while
VGG19 results the fastest network. SGD in fact is a variation of the classical
gradient descent, but it only computes a tiny subset or random selection of data
instances, rather than the entire dataset, which is redundant and wasteful. In
this way SGD needs less iterations until the objective function converges to the
minimum, thus resulting faster than other optimizers, and when the learning
rate is modest, it is able to achieve the same results than traditional gradient
descent. Adam is instead a gradient-based optimization technique for stochas-
tic objective functions. It computes specific adaptive learning rates for distinct
parameters by combining the benefits of two SGD extensions, RMSProp and
AdaGrad. Although it has a great popularity, Adam has recently been shown
to fail to converge to an optimal solution in some situations, thus requiring in
some cases larger execution times.
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Table 5. Execution times required by different algorithms for the two activities case.
All times are reported in seconds.

Model VGG16 ResNet50 Inception ResNetV2 InceptionV3 Xception VGG19

Adam 31.2 196 45.7 57.2 114 24

RMSprop 56.1 104 89 117 215 60

SGD 19 86 39 42.1 73 24

5 Conclusions

Deep learning is a branch of artificial intelligence that is widely applied in differ-
ent fields. We have considered human activity classification performed by exploit-
ing images derived from an automotive Radar, which represents an emerging con-
tactless technology. We have shown how different pre-trained models built using
transfer learning can achieve good results to discriminate different gait veloc-
ities. In order to define a solution which is more easily implementable on IoT
devices with limited capacity, we have provided a comparison between different
neural networks, in terms of accuracy, loss, classification parameters and execu-
tion times. The quality of health monitoring and the detection of smaller move-
ments, including the position of hands during walking, can be further improved
by expanding the dataset dimension and including the tracking of the subjects
and trajectory.
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