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Abstract: This paper presents the clustering and classification of the radar scatter-
ing characteristics of vehicles under real-world driving conditions. The classification
of 14 distinct vehicle types is achieved through statistical features derived from their
radar cross-section (RCS) characteristics, represented as histograms. Various machine
learning classification techniques are applied, and their performance is evaluated across
different clustering scenarios. The results of the clustering algorithm are in line with the
physics-based expectations on the scattering from different vehicle types. The classification
results demonstrate the effectiveness of the proposed algorithm, validating the histogram-
based feature method as a novel and promising approach for vehicle identification and
detection. In addition, the results highlight the potential applications of our methods
in millimeter-wave (mmWave) radar technology, illustrating their capability to improve
feature extraction by means of RCS histograms and ensure robust classification in diverse
and challenging environments.

Keywords: sensor data classification; clustering; histogram-based features; machine learning;
radar cross-section; supervised learning; support vector machine

1. Introduction

Millimeter-wave (mmWave) radar systems are highly effective for precise, real-time
object recognition and motion tracking due to their short wavelengths. Their high resolution
and ability to operate in various environmental conditions make them ideal for target
detection and identification. The radar cross section (RCS), representing scattered power,
plays a key role in performance, and accurate analysis across angles and distances enhances
object differentiation in cluttered environments. Recent advances in machine learning (ML)
and deep learning (DL) have significantly improved radar systems’ efficiency, reducing
computational resource demands while enhancing classification, tracking, and detection in
complex settings.

MmWave radar systems provide high-resolution target classification and tracking in
challenging conditions (e.g., dust, fog), making them ideal for air and ground applications.
Their accurate, real-time tracking of multiple objects meets the different sector’s high expec-
tations for reliable functionality [1,2] in complex environments, multi-target detection [3],
indoor real-time crowd counting and tracking [4], and gesture recognition [5].

Object detection using mmWave radar and Al techniques offers significant advance-
ments, such as improved road user tracking for automated driving [6] and enhanced
accuracy in low-light and small object scenarios [7]. Applications include a deep learning-
based classification for vehicle and pedestrian recognition with reduced computational
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complexity [8], ground target tracking [9], and detecting small, distant objects effectively in
challenging environments [10,11], such as airborne targets [12]. In [13,14], a novel target
detection method is introduced that integrates neural networks with histogram statis-
tics, reducing computational complexity while maintaining high detection accuracy and
addressing traditional algorithm limitations and the high demands of deep learning.

New contributions are being made by introducing fusion solutions such as radar and
camera data [15] or using kinematic features (e.g., velocity, acceleration, turn rate), and
RCS statistics [16] are employed to enhance the classification performance. Histogram
statistics are becoming a hot topic as they reduce the computation associated with deep
learning algorithms [13]. Balancing computational efficiency and classification accuracy
under real-world conditions still requires methods that are as yet underdeveloped . Our
work addresses this challenge by introducing a new integration of histogram-based features
and a clustering-based superclass strategy for RCS histogram classification. This work’s
histogram-based feature classification method is tailored to a smaller dataset, with a com-
prehensive evaluation of its performance using real-world mmWave radar data collected
under controlled slalom driving scenarios. This study investigates the statistical properties
of RCS, which are influenced by factors such as target size, shape, orientation, and mate-
rial composition. RCS is typically analysed using histograms to capture its distribution
characteristics. Recent research has introduced more efficient methods for target classi-
fication based on RCS distributions [17,18]. Building on these advancements, this work
explores the RCS properties of 14 distinct vehicle types (see Figure 1) under real-world
driving conditions, employing a controlled slalom driving scenario to ensure consistent
reproducibility across various angles. The dataset is openly available and presented in
detail in [19]. The studied set of vehicles forms a sort of representative collection of typical
motor vehicles.

-‘

BMW i3 1

VW Golf 3 VW Caddy 4  BMW535 5

B SN

Toyota Auris 6 Opel Astra 7 BMW Z3 opentop 19

Honda Accord 12 VW Beatle 13 Mercedes Unimog 14

Figure 1. Dataset objects used for histogram-based feature classification, representing 14 distinct
classes. The BMW Z3 is included in two variants within the dataset: one with an open top (9) and the
other with a closed top (10) [19].

Methodology Outline

The methodology is outlined as follows, which is in line with the structure of
this manuscript:

*  The field measurements performed by the mmWave radars are used to generate his-
tograms for each vehicle class, i.e., a feature extraction is carried out. The measurement
and the obtained histograms are presented in Section 2.
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¢  Theclassification problem is assigned, and a preliminary analysis is carried out. The set
of histograms are pre-processed: vehicle classes are aggregated into “superclasses”,
with the aim of forming a lower number of categories that are easier to separate by the
subsequent classification algorithms. This pre-processing step is detailed in Section 3.

*  Various classification algorithms are thoroughly tested for the solution of the targeted
problem, and the results are discussed in Section 4.

Finally, Section 5 concludes the work, along with a discussion of future perspectives.
To define the main contribution of this work, the context of the recent research presented
in [17,18] is to be considered. In those works, a coherent path is built from mmWave
scattering, via a specific type of its statistical representation, to learning methods applied
therein. Now, the present manuscript takes one step forward by considering real measured
data. It is shown that the previous algorithms, which showed great performance with
synthetic data, are still able to cope with real measurements, provided that appropriate
pre-processing is carried out first.

2. Feature Extraction from Measured RCS Data
2.1. Accessing the Raw Data

In previous works [17,18], it has been shown that histograms generated from the RCS
samples collected over a time interval can be used as features that are meaningful, with
respect to the target’s properties. Therefore, the first step of the present work is to generate
histograms from the field measurements. The experimental setup is presented in detail
in [19]. The most relevant attributes from our viewpoint are summarised as follows:

*  Thirteen vehicles are considered; one of them has two variants, hence fourteen types
of vehicle are given.

*  For each of the 14 types, n; = 10 test runs are performed on the same vehicle
slalom trajectory.

*  Each slalom trajectory consists of 1, = 10 periods of sinusoidal shape.

e  Six commercial 77 GHz FMCW radars (Continental ARS408) are mounted at different
heights, aligned in a vertical line on a dedicated vehicle to perform the measurements.
This car follows the one actually measured at a speed of 30 km /h. In most cases, the
n, = 5 of the six radars provide meaningful RCS measurements.

¢ Determined by the sampling frequency, the speed of the vehicle and the length of the
trajectory, ns ~ 1100 RCS samples are registered during each test run. Note that the
total RCS of the object is meant here, as defined in Equation (2) of the source work [19].
The total RCS is the linear sum over the of the detections sensed by the FMCW radar.

As an illustration, we present one time series of the RCS record for two vehicles in
Figure 2. For No. 6, the periodicity is clearly seen. Note that the number of peaks is 20,
i.e., twice the number of sinusoidal periods, since the vehicle is seen at similar view angle
twice per period.

2.2. Generating the Histograms and Defining Classes

From the measurement procedure outlined above, n; X n, x ng; ~ 55,000 RCS sam-
ples are collected for each vehicle type. We partitioned these samples into segments so
that each segment approximately corresponds to one period of the slalom. There were
nt x np = 100 periods, and 1, = 5 sensors performed measurements (in most cases), hence
~550 of such segments are formed, each containing ~100 RCS samples.

To generate histograms, 1, = 30 equi-spaced bins are defined within the [0,30] dBsm
range, and the samples within each segments are partitioned accordingly; the count values
are normalised so that they sum up to 1, i.e., the histogram directly approximates the
probability density function. In this way, one histogram of the 1, bins is made from each
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segment of RCS data, and the ~550 of such histograms become available for each of the
N = 14 vehicle types. The RCS histograms within the k-th class are h;, and i € I, where I,
denotes the index set of the k-th class, fork =1,2,..., N. In the following section , these
histograms are considered as features on which the classification algorithms are based.
A vehicle class is defined as the ensemble of the histograms corresponding to this type
of vehicle. In illustration form, some histograms are shown in Figure 3. Note that the
difference between the time series in Figure 2 was obvious in some respects, but it was not
straightforward to describe. However, the histograms in Figure 3 apparently provide a
compact description of the RCS statistics, which also makes the difference between Class 6
and 1 easy to quantify.
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Figure 2. RCS record by one sensor in one test run for vehicle No. 6 (left) and No. 1 (right).
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Figure 3. Examples for histogram distribution from different vehicle classes. Horizontal axes: RCS
(in dBsm), vertical axes: empirical probability density.

3. Data Pre-Processing and Clustering for Enhanced Vehicle
RCS Analysis

The main objective of this work is to construct a classification algorithm that is able
to return the class label (that is, the type of vehicle) based on an RCS histogram resulting
from a measurement performed under similar conditions, as seen above. The sought
classifier will use the histograms resulting from the procedure in the previous section (in
total n = 6730 histograms) as training data. A naive approach may apply a supervised
learning method directly on this dataset, aiming at solving a 14-class classification problem.
However, we could not reach an acceptable accuracy in this way. Our studies resulted in
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the conclusion that there is a very high similarity between certain classes; therefore, they
cannot be separated by classifiers.

3.1. Reduction of the Complexity of the Classification Problem

In Figure 3, the high similarity between Class 6 and 7 that hinders their separation
is clearly seen. However, Class 1 and 10 are expected to be separable. This inspired the
following three-step heuristics that we apply in this work.

Step (1) Clustering all histograms as they were unlabelled, by using the k-means
algorithm. Let the number of classes required from k-means be set to N = 14, i.e., same
as the number of original classes. This algorithm yields the index sets Ji, each containing
the indices of the samples within the k-th cluster (k = 1,2,..., N). The goal of this step is
to explore the inherent property of the dataset in terms of separability. In the very best
case, the partitioning defined by the k-means clusters would perfectly match the original
labelling of the histograms, meaning that the classes are easily separable.

Note that the L1-norm is used as a metric in the space of the histograms, both in the
k-means algorithm and whenever distance is referred to in the following. L1-norm reads as

@) ()
dist(hy, hy) = Z‘hl’ —nY], (1)
i=1

where the superscript refers to the i-th bin of the histogram.

Step (2) Mapping the clusters to their corresponding vehicle classes. The k-means
clusters are to be labelled so that the i-th cluster matches the i-th vehicle class as much as
possible (i =1,2,...,N).

A mapping is formally defined by a permutation ¢, which assigns a label I to the k-th
cluster: I = o(k), k,1 =1,2,...,N, so that each cluster has a different label.

The quality of a certain mapping is evaluated by means of the confusion matrix C,
that is defined in the standard way

Cij = #(]Ii N JU(]')>, (2)

where the symbol # stands for the cardinality. The goodness of the mapping is defined as
the ratio of true positive matches and the total number of samples:

QZQ(U):QZQ:‘- )
The best permutation yields the maximal goodness:

0 = argmax Q(o). (4)

Since N! number of different permutations exist, an exhaustive search for solving (4) is in-
tractable (in our case, N = 14, N! = 8.7 x 10'9). Therefore, a heuristic optimisation strategy
is applied to find an approximate solution for (4). This algorithm is given as follows.

(a) Calculate the matrix D of mean distances between classes and clusters. Each element
of this matrix is given as

pel; g€l;
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(b) Find the indices 7, j which correspond to the minimum distance:

[t,j]= argmin Dj. (6)
(i,))e{1,2,...N}2

(c) Define the rule o () = 1, i.e., the permutation will assign the label 7 to the j-th cluster.

(d)  Cancel out the j-th cluster and i-th label from the subsequent iterations as they are
now taken. Then, set the j-th column and #-th row of D to zero.

(e) Go back to step (ii) until all elements of D are zero.

In Figure 4, the result of this optimisation procedure is given by the confusion matrix.
Some interesting properties of the classification problem are readily available based on this
matrix; just to name a few:

* C(Classes 6 and 7 are quite confused, i.e., hard-to-separate. On the other hand, very
little overlap is experienced between Class 1 and 10. Both findings are in line with the
histograms shown in Figure 3.

*  (Classes 9 and 10 are also very confused. Note that they correspond to the same vehicle
(BMW Z3), with closed and open tops; hence, indeed, little difference in the RCS is
expected.

*  C(Class 14 has little overlap with any other class; it is well-separated. Note that this
corresponds to the Mercedes Unimog, with its size and shape significantly different
from the other vehicles under test.

Q = 0.39837
1/156| 6 | 8 6 4 | 4 | 10| 6 |49 |143| 87
2|79 |238| 90 17 6 |26 7 13| 8 | 16
3| 6 |57|160| 5 | 52|29 |23 |116 41| 3 | 8
4 2 |16 [EEON 13 |15 | 2 | 22 5 15
51 3 1 | 45|30 | 55 |132(226 7
§ 6|11 |18 |62 | 1 |131|170|51 | 8 7 |23 18
S 708 afa]|al73]|116]116]22]21] 3 [31]4a2]10] 9
ﬁ 8 3 |58|28| 4 |11 |32 (209 2 |11 |141 1
é 9| 3 1 [36| 2 |182|186| 28 | 3 | 59
10| 1 1|14 | 1 [110(132| 13 28
11| 1|1 |43 45 | 61 | 35 | 40 |201 13| 1
12(77| 9 | 36 65|64 |95| 4 [10| 2 [10[90 |37 1
13|71 2 2 38 | 1 |154| 23 | 24 | 24 |201
14 2 (41|11 446
1 2 3 4 5 6 7 8 9 10 11 12 13 14
cluster label (j)

Figure 4. Confusion matrices after mapping the clusters to their corresponding vehicle classes.

Step (3) Merging classes. The quality of the match between clusters and classes has
been used to characterise the complexity of the classification problem. The confusion matrix
provides us with important knowledge on how this complexity can be reduced if certain
classes are merged. It is clear that by merging those classes that are highly confused with
each other, on the one hand, we accept that it is impossible to separate them; on the other
hand, the remaining classification problem (with one less class) can obviously be solved
with higher accuracy.

The implementation of the merging is a combination of both an exhaustive and greedy
search. Each iteration consists of two stages:

(i) All possible merging is exhaustively considered: two rows and two columns of the
confusion matrix are to be added to form a new row and a column, while the original
ones are suppressed, and Q is calculated for the new confusion matrix. The merging
providing the highest Q is effectively performed (greedily).
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(ii) The merging providing the highest Q is effectively performed (greedily). We call
superclass the result of a merging. It may happen that a superclass will be merged with
an original class or with another superclass. In this case, we go back to (i).

These steps are repeated until the number of superclasses reaches a pre-defined lower
limit. Constraints may be set for the maximum size of superclasses, i.e., how many of the
original classes are allowed to be included at most.

3.2. Results of the Complexity Reduction

The results of the heuristics presented in Section 3.1 are discussed herein. The algo-
rithm has been run with three different settings to obtain 4, 5 and 7 superclasses at the
end, respectively. The output is summarised in Table 1, with the corresponding confusion
matrices shown in Figure 5. It is important to note that as the final number of superclasses
increases, meaning more vehicle categories need to be distinguished, the classification
problem becomes more challenging, as indicated by decreasing goodness of match Q. Also,
the remarks on the typical class merging (reflecting the underlying physical phenomena)
made in Step 2 in Section 3.1 still apply to the results seen in Table 1.

Table 1. Summary of complexity reduction results: Case 1 represents the 4 superclass scenario, Case
2 represents the 5 superclass scenario, and Case 3 represents the 7 superclass scenario, along with the
class distribution within each superclass.

Case Superclass Label Classes Within the Superclass

1,6,7,12

2,9,10,13

3,5,8,11
4,14

1,2,12
3,6,7
4,14

5,8, 11

9,10, 13

1,12
2,13
3,8
5,11
4,14
6,7
9,10

Casel

Case 2

Case 3

NOAUI QOR[N O

Q = 0.69688 Q = 0.64844

superclass label (i)
superclass label (i)

5 102 92

3 1 2 3 4 5
supercluster label (j) supercluster label (j)

Figure 5. Cont.
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Q = 0.56419
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Figure 5. Confusion matrices corresponding to the cases presented in Table 1.

4. Comprehensive Analysis of Classification Results

In this section, we present the classification results for the real-life problem inves-
tigated using the histogram-based feature set, as described in detail previously. In [18],
a similar study was conducted using synthetic data, which allowed us to control various
parameters and conditions to demonstrate that our histogram-based feature classification
method provides an innovative solution to real-world classification problems.

In the current work, the focus has shifted to measured field RCS data, which present
significantly greater challenges. Unlike synthetic data, where conditions are idealised, mea-
sured data introduce real-world complexities such as noise, variability, and unpredictable
external factors. This transition represents a critical advancement in our research, as it
allows us to evaluate the system’s performance in practical environments, providing more
accurate and applicable insights.

The dataset, comprising 6730 observations with 30 histogram bins, was divided into
three subsets: 20% for testing, 20% for validation, and the remaining 60% for training.
Each of the 30 bins was individually driven into the classification algorithm to validate the
proposed concept of histogram-based feature classification.

The initial evaluation assessed the classification accuracy of various machine learning
models using ten-fold cross-validation. The models examined include Linear Discrim-
inant Analysis (LDA), K-Nearest Neighbors (KNN), Gaussian Naive Bayes (NB), Sup-
port Vector Machine (SVM) [20], and Decision Tree (CART) [21], all applied with their
default configurations.

Initially, all algorithms were tested using their default parameters as a baseline to
establish their performance without optimisation. This choice was made to evaluate the clas-
sification algorithms’ effectiveness and provide a fair comparison under uniform conditions.
The accuracy mean and standard deviation are computed using ten-fold cross-validation,
allowing us to identify the most promising algorithms for further refinement. The default
parameters are often designed to perform reasonably well across various benchmarking
datasets, so the default parameter setting for initial configuration serves practicality and
efficiency. Following the step after the baseline evaluation, a detailed parameter tuning pro-
cess is used to reach the optimum performance by grid search with cross-validation to tune
parameters of well-performed supervised algorithms, such as kernel types, along with their
corresponding parameters to refine the model performance. This systematic approach of
initial investigation starts with default settings and progresses to the optimum performance
of the dataset and the applied methodologies. In preliminary studies, standardisation
techniques such as StandardScaler and MinMaxScaler were explored. StandardScaler nor-
malises features by removing the mean and scaling to unit variance, ensuring a mean
of zero and a standard deviation of one, while MinMaxScaler rescales features to a [0, 1]
range by subtracting the minimum and dividing by the feature range. However, neither
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technique demonstrated significant improvements in model performance, as shown in
Figure 6. Therefore, no scaling methods were applied in the subsequent analyses. The
observed insensitivity may be due to inherited data properties; it is worth highlighting
that the data themselves are normalised as the sum of all bins of the histogram is 1, re-
ferring to probability normalisation ensuring that each histogram is already scaled to a
consistent range, and mitigating the requirements of additional scaling steps. In addition,
the histogram-based feature classification’s nature implies that the histogram bins’ relative
proportions carry the crucial classification information for the implementation, rather than
absolute values. Since scaling techniques implemented in this work scale the data into
their absolute values, their effect does not impact the performance of the classification
algorithms used in this study effectively.

Accuracy by model and scaling method

B No Scale
80 ... B StandardScaler
B MinMaxScaler

Accuracy (%)
-] L=
o (=]
| !

204

Figure 6. Evaluation of different standardisation techniques on 4 superclass clustering classification
performance using various supervised algorithms, demonstrating that initial scaling methods are
unnecessary for the dataset.

Upon analysis, SVM consistently demonstrated the strongest performance across all
three distinct clustering scenarios. In contrast, the NB and CART algorithms showed lower
accuracy than the other models, as detailed in Table 2.

Table 2. Algorithm performance across three clustering scenarios prior to parameter tuning: Case 1
(4 superclass), Case 2 (superclasses), and Case 3 (7 superclasses).

Case Superclass Label Clas;es Within the
uperclass

LDA 77.08

Case 1 KNN 81.54
CART 71.91

NB 49.69

SVM 85.86

LDA 77.39

KNN 76.46

Case 2 CART 65.36
NB 47.09

SVM 81.01

LDA 68.01

KNN 68.73

CART 57.67

Case 3 NB 39.67

SVM 76.16
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4.1. Algorithm Tuning and Classification Results

This section presents the fine-tuning of parameters for the SVM algorithm, identified
as the most promising model in the previous phase. This tuning builds on the prior
evaluation of SVM performance across three distinct clustering scenarios, with a pipeline
implemented to integrate SVM within each scenario. Parameter tuning is conducted
using grid search with five-fold cross-validation on the training data to identify optimal
settings for constructing an effective SVM classification model. This approach also verifies
whether the model overfits the training data. The grid search process evaluates multiple
kernel functions, including ‘linear’, “polynomial’, ‘rbf’, and ‘sigmoid’ [22], along with their
corresponding hyperparameters to refine model performance. The model performance was
assessed by taking into account the following hyperparameter ranges:

e Cand v values are divided into 10 equal intervals between 0.1 and 1.0.
*  degree values of 2, 3, and 4 are considered.

For example, the refinement of ‘polynomial’ kernel for C, v, and degree and the
optimisation of the ‘linear” kernel for the C parameter could be given as an example of
hyperparameter search. No significant performance difference was observed between
the ‘rbf” and “polynomial” kernels in terms of accuracy; for this reason, the 'rbf” kernel
was selected for modelling in each superclass classification scenario. The regularisation
parameter C and kernel parameter 7y were fine-tuned for each clustering scenario to refine
model performance.

4.1.1. Case (1): 4 SuperClass

The optimal configuration for the 4 superclass scenario was achieved using the ‘rbf’
kernel with parameters C = 1.0 and y = 1.0, yielding an accuracy of 83.06 % on the testing
dataset. The decision function shape applied was one-vs-one (ovo), which is a robust
approach for multi-class model training.

The classification performance of the SVM model was evaluated using several metrics,
including precision, recall, and F1-Score across different classes. Precision represents the
proportion of correct positive predictions, while recall (or sensitivity) assesses the model’s
ability to identify all positive samples. The F1-Score, a harmonic mean of precision and
recall, is particularly useful for handling imbalanced class distributions. The results for
these metrics are summarised in Table 3.

Table 3. Classification performance metrics for the 4 superclass scenarios, achieved using the SVM
model with the ‘rbf” kernel and parameters C = 1.0 and y = 1.0.

Class Labels Precision Recall F1-Score Support
0 0.77 0.80 0.79 414
1 0.82 0.79 0.80 377
2 0.86 0.87 0.86 375
3 0.94 0.92 0.93 180

The model’s capability to distinguish between superclasses is further assessed using
the receiver operating characteristic (ROC) curve. In Figure 7, each curve represents the
ROC for a specific class, labelled with integers from the test dataset. A higher Area Under
the Curve (AUC) value signifies stronger model performance, with class label 3 achieving
an AUC of 1.00, indicating perfect classification for this class.
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Figure 7. Receiver operating characteristic (ROC) curve analysis for the 4 superclass testing data.
The AUC for class label 3 is 1.00, indicating perfect classification for this class.

Additionally, the model performance is further illustrated by a confusion matrix (see
Figure 8), which illustrates the alignment between true and predicted labels on the test
dataset. The model demonstrates robust performance, achieving an accuracy of 83.06 % on
the test set.

Confusion Matrix

10

250

200

- 150

True Labels

- 100

F 50

Predicted Labels

Figure 8. Confusion matrix analysis for the 4 superclass testing data, showing an overall accuracy of
83.06 % on the test set.

4.1.2. Case (2): 5 SuperClass

Another optimal classification performance using SVM was achieved with the ‘rbf’
kernel and parameters C = 0.89, yielding an accuracy of 77.11 % on the testing dataset.
The classification performance metrics for the 5 superclass approach are detailed in Table 4.

Table 4. Classification performance metrics for the 5 superclass scenario, achieved using the SVM
model with the ‘rbf” kernel and parameters C = 0.89 and 7 = 1

Class Labels Precision Recall F1-Score Support
0 0.75 0.74 0.74 314
1 0.71 0.66 0.69 298
2 0.97 091 0.94 206
3 0.74 0.79 0.76 267
4 0.76 0.80 0.78 261
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Figure 9 illustrates the ROC curve for each superclass, labelled with integers from the
testing dataset. Notably, for label 2, the AUC is 1.00, indicating perfect classification for
this class.

Receiver Operating Characteristic (ROC)

0.8

o
o

True Positive Rate
o
=

s —— ROC curve (area = 0.92) for label 0
0.2 e ROC curve (area = 0.85) for label 1
// —— ROC curve (area = 1.00) for label 2

g —— ROC curve (area = 0.91) for label 3

L —— ROC curve (area = 0.96) for label 4

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 9. Receiver operating characteristics curve analysis for the 5 superclasses testing data. The

AUC for class label 2 is 1.00, indicating perfect classification for this class.

The model’s performance is also depicted by the confusion matrix in Figure 10. Specif-
ically, the class labelled 0 exhibits moderate misclassification. Overall, the model performs
well, achieving an accuracy of 77.11 % on the test set.

Confusion Matrix
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Figure 10. Confusion matrix analysis for the 5 superclass testing data, showing an overall accuracy of
77.11 % on the test set.

4.1.3. Case (3): 7 SuperClass

The last optimal classification performance with the SVM model was achieved with
the ‘rbf” kernel and parameters C = 0.89, yielding an accuracy of 77.71 % on the testing
dataset. The classification performance metrics for the 7 superclass approach are detailed
in Table 5.

Table 5. Classification performance metrics for the 7 superclass scenario achieved using the SVM
model were achieved with the ‘rbf” kernel and parameters C = 0.89, resulting in an accuracy
of 77.71%.

Class Labels Precision Recall F1-Score Support
0 0.71 0.69 0.70 94
1 0.78 0.66 0.71 106
2 0.87 0.78 0.83 106
3 0.76 0.84 0.80 104
4 0.92 0.90 0.91 91
5 0.66 0.75 0.70 95
6 0.75 0.84 0.79 77
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Figure 11 presents the ROC curves for each superclass, labelled with integers from
the test dataset. This is complemented by the confusion matrix analysis shown in
Figure 12, which provides further insights into the model’s classification performance
across the superclasses.

4.2. General Discussion of the Classification Results

The SVM model demonstrated the strongest classification performance across all
superclass scenarios, with the following highlights:

*  The highest accuracy performance, 83.06 %, was achieved in the 4 superclass cases,
with particularly excellent classification performance exhibited in the class labelled ‘3’.

*  Moderate accuracy performance was observed for the 5 superclass (77.11 %) and
7 superclass (77.71 %) scenarios; both performed well in terms of AUC values across
most classes.

Receiver Operating Characteristic (ROC)

True Positive Rate

. = ROC curve (area = 0.92) for label 0
0.2 4 el ROC curve (area = 0.85) for label 1
- —— ROC curve (area = 1.00) for label 2
PPle —— ROC curve (area = 0.91) for label 3
- —— ROC curve (area = 0.96) for label 4

0.0 02 04 06 08 10
False Positive Rate

Figure 11. Receiver operating characteristics curve analysis for the 7 superclasses testing data.
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Figure 12. Confusion matrix analysis for the 7 superclass testing data, presenting an overall score
of 77.71 %.

Opverall, good classification performance has been demonstrated, proving the effective-
ness of varying levels of class granularity. Additionally, the impact of the distribution of
vehicles within each superclass on performance has been clearly illustrated, as previously
discussed in Section 3.2.

Traditional ML methods, specifically SVM, have been shown to perform comparably
to neural networks in similar contexts, as demonstrated in previous work [18]. This applies
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especially when dealing with structured data, where efficiency and interoperability are
critical. Therefore, it is crucial to highlight the study’s context and constraints to justify
the preference for traditional ML tools over neural networks. This choice is driven by the
following two main factors:

1.  Data Limitations: Larger datasets and extensive parameter tuning are essential when
using neural networks, which is where data limitations become problematic particu-
larly due to their reliance on large-scale data for generalisation. The available dataset
is relatively small and has limited diversity in vehicle types and driving scenarios, so
it is better suited for traditional ML models like SVM, which provide robust and stable
performance without the risk of overfitting, provided the correct hyperparameters
are adjusted. Comprehensive evaluation and improved generalisation across diverse
scenarios, such as urban roads and highways, can be performed by extending the
dataset to offer a broader variety of vehicles and their driving conditions.

2.  Comparable Performance: The performance of traditional ML models and neural
networks can be closely matched, especially with structured information and smaller
datasets, as demonstrated in [18]. For this reason, given the benefits of reduced com-
putational costs, traditional ML models offer a more practical and efficient solution
for this study and the current dataset.

In today’s neural network-dominated landscape, it is essential to justify this choice,
highlighting that traditional ML approaches remain highly relevant, particularly when
data size and resource constraints limit the feasibility of neural networks. This emphasises
the practical advantages of traditional ML models for our study.

5. Conclusions

This study introduces a robust data-driven classification method using the histogram-
based features for a real-world vehicle dataset consisting of 14 distinct radar cross-section
(RCS) classes. The data were collected from vehicles navigating a slalom course, observed
by multiple radar sensors. The primary goal is to mitigate uncertainties in radar perception
caused by human driving behaviour. The histogram-based feature classification approach
analyses RCS characteristics using histograms and clustering, integrating a superclass
strategy alongside supervised machine learning techniques. Each method was thoroughly
tested and evaluated.

The output of the clustering algorithm is in line with certain physics-based expec-
tations on the scattering from different vehicle types. In particular, the large-sized truck
seems to be easily separable from the smaller passenger cars, and when the same car ap-
pears with top open or closed, this makes little difference in the RCS feature. Furthermore,
the classification results demonstrate that the proposed data-driven approach significantly
improves classification performance under varying noise conditions, simulating real-world
driving scenarios. As the number of superclasses increases, requiring the distinction of
more vehicle categories, the classification challenge becomes more pronounced, as evi-
denced by the detailed analysis provided. These findings offer valuable insights into target
classification and identification, presenting potential advancements for radar-based vehicle
perception systems.
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