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Abstract—A detailed analysis of the performance of traditional
machine learning and deep learning techniques applied on a
representative classification problem of millimeter-wave (mmW)
images is presented in this paper. The algorithms chosen for
this analysis are the k-Nearest Neighbors (KNN), Random
Forest (RF) and Convolutional Neural Network (CNN). All
algorithms presented here are modeled using ’keras’ library
inside TensorFlow and ’scikit-learn’ module. The dataset for
training and testing are generated via a developed near-field
coded aperture computational imaging (CI) physical model. The
use of a physical model of an imaging system that implements
CI techniques instead of an experimental set-up makes the
whole dataset generation process facile and less time consuming.
The training data, in case of the RF and KNN algorithms,
are presented in tabular form whereas for the CNN technique,
the synthesized images from the physical model itself are used
for training. The models are tested with both synthesized as
well as experimental data, generated from the physical model
and a mmW handheld imager, respectively. Upon testing, it is
observed that the KNN and RF algorithms are able to classify
the test samples with accuracies of 82% and 87%, respectively,
whereas an accuracy of 90% is observed in case of the CNN
classifier. Also, an inference speed test is conducted on all the
three algorithms. It was observed that CNN is the fastest to
predict classes for all of the test samples with a frame rate of
3.8 ms/sample whereas RF is the slowest, with a frame rate
of 65.9 ms/sample. These findings establish the fact that when
it comes to image classification, CNN based classifiers perform
better than any traditional machine learning algorithms with
more accurate and faster predictions, paving the way for various
real-time applications such as automatic threat detection.
Index Terms—Convolutional Neural Networks, K-nearest
neighbours, random forest, classifiers, Image classification, computational imaging, millimeter-waves.

I. I NTRODUCTION
Millimeter-waves (mmW) for security screening applications are widely used nowadays. Because of their non-ionizing
affects, mmW do not pose any health hazards, unlike Xrays. As mmW can penetrate clothing materials, any concealed
threat objects carried on personnel can be detected. This study
is focused on such a system wherein it has the ability to
detect and prompt the user about the type of threat object it is

detecting in real-time, hence facilitating real-time automated
threat detection (ATD).
To build such a system, the development of the classification
or the object detection algorithm is of utmost important. There
are previous studies in the literature on the use of different
machine learning algorithms and deep neural networks to
achieve image classification. In [1], target classification of
mmW radar data for autonomous driving is shown using
neural networks such as Artificial Neural Network (ANN) and
Convolutional Neural Network (CNN) with good classification
accuracies. In [2], a binary classification problem is presented
wherein a wavelet-based Support Vector Machine (SVM) is
used to detect deformations in ceramic tiles inside concealed
packaging from images of a mmW radar system. Recently,
in [3], an anomaly detection model on terahertz frequency
modulated continuous wave (FMCW) images based on a
multivariate Gaussian distribution has been presented. Studies
have also been conducted on the use of a region based CNN
(RCNN) for concealed weapon detection in the human body, as
shown in [4]. These studies are sufficient to establish the fact
that machine learning algorithms and deep learning networks
can successfully be employed for object detection applications.
It is worth mentioning that all these mmW radar image classification studies have been shown on readily available datasets
or on data which were collected through experimental means.
When it comes to mmW radar imaging, there are traditional
imaging techniques such as SAR-based as well as phased array
based methods [5]–[8]. These methods, although producing
very good quality reconstructions, rely on a raster scanning of
the imaging scene, resulting in a slow data acquisition process.
Also, they use very complex hardware settings and are power
consuming. Such shortcomings can prove to be a hindrance
while generating the data for training. This is because, given
the quality of mmW images, a large dataset is often required to
design an accurate image classification algorithm. Relying on
such traditional techniques for data generation can be a tedious
and time consuming process. To overcome this, a physical
model of a computational imaging (CI) system exploiting the
coded aperture method [9]–[11] has been employed for data

generation. This method is advantageous on two fronts:
• Firstly, it does not rely on any experimental means, it
uses a numerical model of the imaging system wherein,
two dynamic apertures, one transmitter and one receiver,
are synthesized operating in bi-static mode. These apertures contain spatio-temporarily varying complex weights
through which transmitted wavefronts from a single transmitter channel probing the scene as well as back-scattered
information from the scene are passed into a single
receiver channel. This phenomenon emulates a large
aperture that radiates complex quasi-random radiation
patterns. The entire scene information is collected in an
indirect manner by encoding the back-scattered information onto a few measurement modes. This deviates
from the traditional method of point-by-point scanning
of the imaged scene, hence making the hardware layer
much simpler by using only a single channel each for
transmitter and receiver. This physical model was used
in our previous works [12], [13].
• Secondly, because the classification algorithm is trained
with reconstruction data generated from the physical
model, physical targets are not necessarily needed for
reconstructions. Instead, CAD models of threat objects
are used. This is beneficial because this particular classification problem uses reconstruction data of threat objects.
Using CAD models of threat objects for imaging is a
much more convenient than using real physical threat
objects. Hence, the data collection process becomes easier
when a physical model is used instead of an experimental
system.

1) k-Nearest Neighbour: KNN algorithm assumes that similar things exist in close proximity [14] . In other words, this
algorithm calculates distances between two data points. In
machine learning terms, this algorithm relies on the distance
between feature vectors [15]. The most common distance metric and the one used for this particular problem is Euclidean
distance, given by the formula:
v
u N
uX
(1)
d(a, b) = t (bi − ai )2
i=1

where a and b are two datasets consisting of N samples. The
other most important parameter to choose is the value of K.
Choosing a lower value of K will result in less stable predictions. Increasing the value of K will make the predictions
more stable because of majority voting/averaging hence the
accuracy will improve. However, if the value of K is increased
further, at some point there will be an increase in number of
errors in the predictions, establishing the fact that higher value
of K does not necessarily mean higher accuracy. The optimal
value of K, on most of the problems, depends upon the nature
of samples in the training data. To this end, we carried out
a study to measure the relationship between mean error rate
and value of K. The curve is plotted in Fig. 1. We see that the
least error is obtained in the interval 20 to 40. Based on this
finding, we choose K to be 23.

II. M ETHODOLOGY
A. Classification Problem
A brief description of the problem at hand is given here.
The problem here is a multi-class classification one, wherein
four classes of threat objects are listed: Grenade, Gun, Knife
and Scissor. These classes are labeled as ’0’, ’1’, ’2’ and
’3’, respectively. Three classifiers based on KNN and RF
algorithms as well as a CNN architecture have been built.
Based on the training of each of the classifiers, the developed
classification framework predicts a class for a given input data.
The nature of the input data is explained in details in the next
section. All the three models are trained using the synthesized
data from the physical model, as mentioned in Section I and
tested with both synthesized as well as experimental data.
There are a total of 2655 training and 542 testing samples.
B. Learning Models
In this section, details about the two machine learning
algorithms as well as the CNN architecture used to solve
the given classification problem are presented. The learning
algorithms selected for this study are KNN and RF Algorithms. The performance of these two algorithms are compared
with a straightforward CNN model. The details about these
techniques are presented as follows:

Fig. 1: Variation of the mean error with k values.
2) Random Forest: RF algorithm builds an ensemble of
decision trees. In other words, it builds a multiple of decision
trees and merges them to get a more accurate prediction [16].
Creating multiple decision trees can cause overfitting. RF algorithm overcomes that by creating random subsets of features,
building smaller trees using those subsets and combining them
later. However, there is a downside to this process in that it
makes the computation process slower. Therefore, the most
important parameter to select is the number of estimators,
i.e. the number of trees in the random forest classification.
Choosing the optimal value of trees varies from dataset to
dataset. The more number of trees selected, the more accurate
will be the prediction. However, at some point, the cost of cost
of collecting a larger sample will be higher than the benefit in
accuracy obtained from such larger sample. To this end, we

conducted a study to learn the relationship between the mean
error rate and number of estimators, which has been shown in
Fig. 2. We observe that the least error is obtained at 60. We
select the estimator value to be 60.

Fig. 4: Figure shows how input data is processed before
training in kNN and RF algorithms. The pixel intensities are
extracted, listed under ’feature vector’ and the appropriate
label class is associated against it.

Fig. 2: Variation of mean error with the number of estimators
used.
3) CNN: The performances of the two learning algorithms
on our dataset are compared with a CNN model, as shown in
Fig. 3, based on [12]. It consists of five convolutional layers,
followed by two dense networks. The number of filters used
in each layers are 32, 64, 128, 256 and 512, respectively. Each
convolutional layers are followed by a Max pooling layer and
a ’relu’ activation layer. After the convolutional layers, the
output is flattened and two dense layers of 1024 and 512
neurons are used. In the output layer, the ’softmax’ activation
function is used to carry out the prediction. During the training,
categorical cross-entropy is chosen to be the loss function and
the model was optimized with ’adam’ optimizer [17].
C. Training and Testing Data Pre-processing
Machine learning algorithms and neural networks differ in
their training data format. A brief description on the nature of
the data for each of the technique is presented here.
1) KNN and RF Algorithms: Any image obtained from the
CI physical model is first resized to a fixed set of 150 × 150
pixels and then the raw pixel intensities are extracted from the

Fig. 3: Architecture of the CNN model used.

image. The intensities are then flattened into a single list of
numbers. This will be the feature vector which will contain
the RGB pixel intensities of the image. The list of a single
feature vector contains 150 × 150 × 3 = 67500 numbers. After
extracting the pixel intensities, every feature is normalized
(zero mean and unit variance) using ’StandardScaler’ from
sklearn. This process is repeated for each 2655 images in the
dataset. The class labels (0, 1, 2 and 3) are initialized against
each of these pixel intensities list. The whole process is laid
out in Fig. 4.
2) CNN Algorithm: Since it is known that CNN can handle
any type of data, regardless of being in image form or in
tabular form, there is no need to do any kind of data preprocessing before training. The images from the CI physical
model, of 150 × 150 pixels, are directly introduced to the
model for training (Fig. 3). The training is carried out using
k-fold cross-validation [18], [19]. The number of folds (k) was
chosen to be 5, ensuring that there are sufficient samples in the
training set for efficient learning as well as there are sufficient
samples in the validation set to accurately evaluate the model
while training.
D. Results
The classification performance of the three algorithms are
presented here. The training process was completed on CUDA
platform with a NVIDIA GRID M60-8Q GPU having 8GB
memory size. All testing was carried out on Intel hexa-core
i7 CPU with 16 GB RAM and Windows 10 operating system.
A total of 542 samples were selected for testing, out of
which, 521 samples were generated from the developed physical model whereas the rest 21 images were experimentally
generated with the help of a handheld mmW imager [20],
based on a multi-static sparse array [21], [22]. Classification
reports are generated which lists the precision, recall as well
as the f1-score of the predictions. We also do a comparison
on the inference speed of each of the algorithm to establish
which algorithm is best suited for real-time threat detection.
The classification reports are listed below:
In Tables I, II and III, we take into account the f1-score to
compare the three algorithms’ performances. This is because
we are looking for a balanced precision and recall score, i.e.
the model is desired to have a very high accuracy of positive
predictions (precision) as well as the model should find all
the positive instances (recall). The f1-score gives the harmonic

Table I: Classification report for KNN algorithm
Class
Grenade
Gun
Knife
Scissor
Accuracy

Precision
0.81
0.85
0.77
0.89

Recall
0.86
0.79
0.81
0.87

f1-score
0.83
0.81
0.78
0.87
0.82

Support
130
150
151
111
542

Table II: Classification report for RF Algorithm
Class
Grenade
Gun
Knife
Scissor
Accuracy

Precision
0.86
0.91
0.81
0.89

Recall
0.88
0.83
0.87
0.90

f1-score
0.87
0.87
0.84
0.90
0.87

Support
130
150
151
111
542

Table III: Classification report for CNN
Class
Grenade
Gun
Knife
Scissor
Accuracy

Precision
0.90
0.90
0.87
0.98

Recall
0.88
0.83
0.97
0.91

f1-score
0.89
0.86
0.92
0.94
0.90

Support
130
150
151
111
542

Fig. 5: A bar chart comparing the inference speed of the three
algorithm used.
60) to reach a prediction. When making a prediction, all the
trees have to makes a decision and then perform voting. Hence,
a higher number of trees will result in slower predictions,
making real-time decision making difficult. However, it should
be noted that various parallel processing techniques can be
accommodated in the training and the testing phase of RF
algorithm to speed-up the whole process.
III. C ONCLUSION

mean between precision and recall ( 2×Precision×Recall
Precision+Recall ). The
fact that we consider the harmonic mean and not simple
average is because the former punishes any extreme precision/recall scores. A classifier with a precision score of 1.0
and a recall score of 0.0 will have a harmonic mean of 0 but
a simple average of 0.5. This shows that the former method
will give a more balanced score of precision and recall. Hence,
it is the ideal score to compare the accuracies of the three
algorithm. It is observed that the accuracy is higher when
CNN model is used as the classification model on our test
dataset. It is known that CNN specializes in processing data
in grid-like topology such as in image.
Since we are investigating different classification algorithms
for real-time threat detection, a comparison was also drawn
on the inference speed of the three algorithms. A bar chart is
shown (Fig. 5) detailing out the testing speed of each algorithm
on the 542 test samples.
From Fig. 5, it is evident that the CNN model takes less
time in predicting classes for the whole test dataset, with a
frame rate of 3.8 ms/sample, whereas, in case of KNN and
RF algorithms, prediction rate of 41.7 ms/sample and 65.9
ms/sample, respectively were observed. This clearly implies
that the CNN classifier model is best suited for real-time threat
detection.The majority of the time in the two machine learning
algorithms is taken up by the input pre-processing step of
extracting pixel intensities of the input image, whereas the
CNN model does not require any additional input processing
step. The maximum time is taken by the RF algorithm. The
reason is that the RF algorithm uses multiple trees (in this case

In this study, two machine learning algorithms: KNN and
RF algorithms, and the CNN deep learning technique are
compared to investigate their performance in a multi-class
classification problem for real-time security screening applications. A quantitative analysis of the f1-score revealed that
the CNN technique provides a better accuracy than the KNN
and RF techniques for the threat object classification problem.
Also, it was observed that the rate at which the CNN model
makes prediction is also faster than the other two, at 3.8
ms/image. All these findings establish the fact that the CNN
technique is better suited for accurate real-time image classifier
in mmW CI classifier.
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