
Sensors & Transducers, Vol. 262, Issue 3, September 2023, pp. 30-39 

 30

Sensors & Transducers
Published by IFSA Publishing, S. L., 2023 

http://www.sensorsportal.com

 
 
 
 
 

Robust DOA Estimation in Low SNR Radar Systems 
Using CNN 

 
* Webert Montlouis and Yiyang Li 

Johns Hopkins University, Baltimore MD, 21218, USA 
E-mail: wmontlouis@jhu.edu, yli302@jhu.edu 

 
 

Received: 22 July 2023   Accepted: 29 August 2023   Published: 30 September 2023 
 
 
Abstract: Radar systems generate large amounts of data, which can create bottlenecks in the system data and 
signal processors if not handled properly. In recent years, Radio Frequency (RF) sampling has received popularity 
due to its potential benefits to the systems. However, RF sampling can generate a large amount of data, presenting 
processing, communication, and storage challenges. In the past, addressing these challenges required a 
combination of efficient signal processing algorithms, appropriate computational resources, robust data 
transmission, and fast access optimized storage. Despite advances in high-speed communication systems, data 
processing techniques like parallel processing and GPU, and storage technology, the large amount of data 
streaming for applications like radar systems and wireless communications is still a problem. Deep learning (DL) 
has emerged as a promising approach for processing radar data and extracting relevant features. In this paper, we 
investigate the use of Convolutional Neural Networks (CNNs) as a fast signal processor for classifying the 
direction of targets from radar returns. We evaluate the performance of CNNs in Direction of Arrival (DOA) 
recognition, particularly in extremely low Signal-to-Noise Ratio (SNR) conditions. Our proposed CNN-based 
DOA recognition system leverages a special configuration that minimizes delay in the signal processor, where In-
phase and Quadrature (IQ) components of the data are fed directly to the trained network. Experimental results 
show that the proposed CNN-based DOA recognition system achieves high accuracy in low SNR conditions, 
demonstrating the effectiveness of CNNs for radar signal processing. This study provides insights into the design 
and optimization of CNNs for DOA estimation in radar systems.  
 
Keywords: Artificial intelligence, Deep learning, Convolutional neural networks, Radar signal processing, 
Direction of arrival, Low signal-to-noise ratio.  
 
 
 
1. Introduction 
 

The current environment requires that we make 
decisions for complex systems at machine speed. The 
proliferation of deep learning architectures provides 
the framework to tackle many problems that we 
thought impossible to solve a decade ago  
[1, 2]. The introduction of faster CPU, GPU, and 
parallel processing makes the application of deep 
leaning  feasible [3-5]. With advances in GPU, more 
sophisticated deep learning architectures are 
developed [6, 7]. Therefore, replacing traditional 

signal processing techniques with deep learning is 
logical. 

Deep learning is a specific type of machine 
learning (ML) type that utilizes neural networks to 
make predictions about certain types of data [8]. It is 
called “deep” learning because these networks often 
have great depth, propagating data through many 
layers to perform classification. Deep learning 
applications include facial recognition, natural 
language processing, and self-driving cars, to name a 
few [9-13]. In our case, deep learning will be used to 
complete the task of radar signal processing. More 
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specifically, it performs angle of arrival classification 
on a section radar signal. Papers have been published 
for radar applications but are concentrated more on 
signal classification [14, 15]. 

Sequence-to-sequence classification takes a 
temporal data sequence and classifies each time step 
using a label [16-19]. This paper applies the trained 
CNN network on each radar receive window. In this 
case, the classification of time steps of a reflected 
radar signal is performed. The complex data from the 
received window is transformed into real sequences to 
accomplish this classification process, which is more 
efficient than further adjusting the deep learning 
model to accommodate complex datasets [20].  

First proposed in [21], CNN has shown its ability 
to train a multi-layer network using gradient descent 
for complex, high-dimensionality, and a large amount 
of data. More specifically, the CNN model uses 
multiple layers of trainable filters to convolve with test 
samples, extracting local features in the lower and 
global features in the higher layers. More recent 
applications of CNN involve facial emotion 
recognition [22], PET image reconstruction [23], and 
many other classifications of image processing 
applications. CNN’s capability in determining the 
angle of arrival is explored by Kokkins et al. [24]. Yet, 
the authors use a sample correlation matrix 
transformation on the input data, demanding 
additional computational power to transform the raw 
input signals.  

Data transformation is a common step in deep 
learning signal processing, but it can be problematic in 
applications where hardware is limited, and system 
requirements demand low latency. In radar, for 
instance, the computational burden and time delay 
associated with these transformations can significantly 
impact some radar modes and render the system 
inefficient. To address this issue, we develop a CNN 
model that analyzes the direction of arrival of a target 
using the raw signal at the output of a Uniform Linear 
Array (ULA) and evaluates its performance. This 
modern approach using the trained network replaces 
traditional radar signal processors, providing a faster 
response time. 

 
 

2. Radar Model 
 
The radar signal data model that will be used in the 

simulation is based on the constant low-velocity target 
model [25]. The radar uses a linear frequency 
modulated (LFM) signal. The transmit signal for a 
single pulse is modeled as shown in equation (1) by 

(ݐ)ݏ  = ௝ଶగ௙బ௧݁(ݐ)ݑ = ݐܿ݁ݎ ൬ܶݐ ൰ ݁௝ଶగቀ௙బ௧ାଵଶ௄௧మቁ (1) 
 

where (ݐ)ݑ is the envelope of the LFM waveform, ܶ 
is the pulsewidth, and ܭ is the linear modulation rate. 
This transmit signal is then down-converted to a 
baseband signal given by 

 

(ݐ)௕ݏ = ݐܿ݁ݎ ൬ܶݐ ൰ ݁௝గ௄௧మ (2) 
 
When the signal is incident upon a target, since the 

constant, low-velocity target model is being used, this 
target is taken as static while the wave is reflected. 
Because of this, the reflected baseband signal is 
modeled by the equation 

(ݐ)௥௕ݏ  = ݐܿ݁ݎ ൬ݐ − ௥ܶݐ ൰ ݁௝గ௄௧మ + ,(ߪ)ܰ (3) 
 

where ݐ௥ = 2ܴ/ܿ is the time delay for the signal to 
propagate to the target and back to the radar receiver, 
and ܰ(ߪ) is the random Gaussian noise of the 
environment. Since the detection of the target is of 
interest here, it is necessary to set up the return signal 
intensity for the single pulse system. 

The intensity of the return will be based on the 
radar range equation (RRE). For the single pulse case, 
the RRE is given by 

 ܴܵܰ = ௧ܲܩଶߣଶ(ߨ4)ߪଷܴସ݇ ଴ܶܮܨܤ (4) 
 
with the parameters 
 ௧ܲ : :ܩ																ݎ݁ݓ݋݌	ݐ݅݉ݏ݊ܽݎݐ	݇ܽ݁ܲ :ߣ																																				݊݅ܽ݃	ݕܽݎݎܣ :ߪℎݐ݈݃݊݁݁ݒܽݓ	݈ܽ݊݃݅ݏ	ݐ݅݉ݏ݊ܽݎܶ :݇				݊݋݅ݐܿ݁ݏ	ݏݏ݋ݎܿ	ݎܽ݀ܽݎ	ݐ݁݃ݎܽܶ :ܤ																				ݐ݊ܽݐݏ݊݋ܿ	݊ܽ݉ݖݐ݈݋ܤ :ܨ																								ℎݐ݀݅ݓܾ݀݊ܽ	ݎܴܽ݀ܽ :ܮ																																	݁ݎݑ݂݃݅	݁ݏ݅݋ܰ 																			ݏ݁ݏݏ݋݈	݉݁ݐݏݕݏ	݈ܽݐ݋ܶ

 

 
It is assumed that a 13dB signal-to-noise ratio is 

needed on the return for a general detection. 
 
 
3. Radar Signal Processing Models 
 

The signal processor is an integral component of 
the radar system, playing a crucial role in its overall 
functionality [26]. It is responsible for various 
essential functions, such as return signal processing, 
extracting pertinent information, and facilitating 
accurate target detection and tracking [27-29]. As the 
complexity of the radar system’s application 
increases, so does the level of difficulty associated 
with the tasks performed by the signal processor. The 
signal processor serves as the backbone of the radar 
system, ensuring that the received signals are 
efficiently processed and transformed into actionable 
data. Advanced algorithms and signal processing 
techniques effectively separate the desired 
information from noise and clutter, allowing for 
precise target detection, classification, and 
identification. 

Furthermore, the signal processor is vital in 
extracting valuable insights from the radar returns. It 
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employs sophisticated algorithms to analyze the 
signals, discerning crucial details such as target range, 
speed, direction, and even shape. This extracted 
information aids in making accurate decisions, 
whether in military applications, weather monitoring, 
air traffic control, or any other radar-dependent field 
[30-33]. In complex applications, the signal processor 
faces heightened challenges. The signal processor’s 
tasks become more demanding as the radar system 
encounters scenarios with increased interference, 
varied environmental conditions, or highly 
maneuvering multiple targets. It must adapt to 
changing needs, optimize signal-to-noise ratios, and 
employ advanced algorithms to mitigate distortions 
and enhance target detection and tracking capabilities.  

Over the past decade, radar signal processing has 
undergone significant advancements driven by 
remarkable transformations in chip design processes. 
These advancements have played a crucial role in 
revolutionizing radar technology. One of the primary 
factors responsible for these breakthroughs is the 
continuous improvement in chip design processes, 
leading to remarkable achievements. The continuous 
evolution of chip design processes has made it 
possible to manufacture smaller transistors, thereby 
increasing the transistor count on a single die. This 
miniaturization trend has paved the way for higher 
levels of integration and enabled the development of 
more sophisticated radar systems. These systems 
benefit from the higher transistor density’s increased 
processing power and computational capabilities. 

Simultaneously, new technologies have facilitated 
the realization of low nano-meter processes, enabling 
components to operate at higher frequencies. This is 
particularly noteworthy for key components like 
mixers and analog-to-digital converters, which play 
critical roles in receiver designs. The ability to operate 
at higher frequencies enhances the overall 
performance of the radar system, allowing for 
improved signal quality, better resolution, and 
increased sensitivity. The culmination of these 
advancements has given rise to the RF-System-On-
Chip (RFSOC) concept [34], which represents a 
significant leap forward in radar design. Integrating 
multiple RF components onto a single chip reduces 
the overall component count in the receiver, leading 
to a less complex and more robust design.  
This integration not only enhances the system’s 
efficiency but also simplifies manufacturing 
processes, reduces power consumption, and optimizes 
the use of physical space. 

The benefits of the RFSOC approach extend 
beyond the radar system’s hardware. The reduced 
component count and increased integration enable 
streamlined signal processing algorithms and 
architectures, resulting in improved system 
performance, faster data processing, and enhanced 
real-time capabilities. These advantages directly 
impact the radar system’s reliability, responsiveness, 
and overall effectiveness. The last decade has 
witnessed significant transformations in radar signal 
processing, largely driven by advancements in chip 

design processes. The ability to manufacture smaller 
transistors and utilize low nano-meter processes has 
paved the way for increased integration, higher 
frequencies, and the realization of RF-System-On-
Chip (RFSOC) technology. This has led to radar 
systems with lower component counts, simpler 
designs, improved performance, and greater 
efficiency. The continuous evolution of chip design 
processes is expected to further propel radar 
technology, opening doors to even more advanced and 
capable systems in the future.  

 
A. Conventional Radar Signal Processor 
 

A conventional radar signal processor refers to the 
traditional approach or standard methods for 
processing radar signals in a radar system. These 
methods have been in use for decades. It typically 
consists of a series of interconnected hardware and 
software components designed to perform specific 
functions related to signal processing. Together, these 
blocks perform signal conditioning, pulse 
compression, range-doppler processing, clutter 
mitigation, target detection, data fusion, and tracking. 
A block diagram of the conventional signal processor 
is given in Fig. 1. 

 
 

 
 

Fig. 1. Conventional receiver chain architecture. 
 
 
B. Deep Learning Radar Signal Processor 
 

In recent years, deep learning has shown promise 
in enhancing the performance and capabilities of radar 
systems. Many key aspects of signal processing have 
been investigated using deep learning. For instance, 
deep learning models excel at automatically learning 
relevant features from raw data. In radar signal 
processing, this means that deep learning models can 
extract meaningful features directly from the radar 
returns without relying on feature engineering or 
domain-specific knowledge. By learning features 
from the data, deep learning models can capture 
intricate patterns and discriminate between different 
types of radar echoes. 

A deep learning radar signal processor can employ 
neural network architectures suitable for specific 
tasks. Convolutional Neural Networks (CNNs) are 
commonly used for tasks like radar target 
classification and image-based radar signal 
processing, where spatial relationships are important 
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[35]. Recurrent Neural Networks (RNNs), such as 
Long Short-Term Memory (LSTM) networks, are 
useful for processing sequential radar data, such as 
time series or pulse-Doppler signals. Transformers, 
which have gained popularity in natural language 
processing tasks, have also been adapted for  
radar signal processing to handle sequence-to-
sequence tasks. 

One aspect that is always the subject of 
conversation is the availability of datasets for training 
because deep learning models often require large 
annotated datasets to generalize well. In the case of 
classification in radar signal processing, labeled radar 
datasets are used to train the deep learning models. 
These datasets may contain radar returns from 
different waveforms, targets, clutter, noise, and 
various environmental conditions. Training on such 
datasets enables the deep learning models to learn the 
underlying patterns and characteristics of different 
radar signatures. 

Another aspect that is also of interest to many is 
the ability to apply deep learning for real-time signal 
processing applications. In this case, deep learning 
models can be optimized for real-time radar signal 
processing by leveraging efficient architectures and 
model optimizations. Specialized hardware, such as 
Graphics Processing Units (GPUs) or dedicated 
accelerators like Tensor Processing Units (TPUs), can 
be employed to speed up the inference process and 
achieve the required processing rates. 

The question is, how do we effectively combine 
the advances in RF sampling and the real-time 
capability of deep learning? This paper aims to explore 
the effective integration of advances in RF sampling 
and the real-time capability of deep learning. By 
combining these two advancements, we aim to 
optimize radar signal processing. In this paper, we 
begin by demonstrating the impact of RF sampling on 
the radar receiver. Subsequently, we leverage deep 
learning techniques, specifically sequence-to-
sequence classification, to reduce computational load 
and streamline the radar signal processor. To illustrate 
this concept, a block diagram of a radar receiver 
employing deep learning is presented in Fig. 2. 

By leveraging the benefits of RF sampling, which 
allows for direct digitization of radio frequency 
signals, we can enhance the quality and resolution of 
radar measurements. This enables more accurate 
detection and tracking of targets. However, the 
increased data volume generated by RF sampling 
poses computational challenges. 

 
 

 
 

Fig. 2. RF Sampling and Deep Learning receiver chain 
architecture. 

 

To address this, we introduce deep learning, a 
powerful tool capable of learning intricate patterns and 
features from radar signals. We can effectively extract 
valuable information and reduce the computational 
burden on the radar signal processor by employing 
deep neural networks for sequence-to-sequence 
classification. This combination of RF sampling and 
deep learning offers a promising solution for achieving 
real-time radar signal processing with improved 
accuracy and efficiency. 

The block diagram illustrates the integration of 
deep learning within the radar receiver. It showcases 
how the received RF signals are processed through the 
deep learning model, which performs sequence-to-
sequence classification. The model has been trained on 
a dataset of radar signals to learn the patterns and 
features associated with different target signatures. 
This approach enables rapid and accurate 
classification of radar returns, providing valuable 
information for target identification and tracking. 

This research aims to demonstrate the potential of 
combining RF sampling and deep learning techniques 
to optimize radar signal processing. By reducing 
computational load and enhancing the real-time 
capability of the radar system, we can achieve more 
efficient and accurate detection, classification, and 
tracking of targets. 

 
 

4. Data Formulation and Model 
 

In this section, we will delve into the data 
generation, labeling, and training process within the 
framework of our deep learning model. We first 
explore the data properties in section 4-A, gaining 
insights into the characteristics and intricacies of the 
dataset. Subsequently, in section 4-B, we present a 
detailed description of the convolutional neural 
network (CNN) architecture employed in our model. 

Adopting this approach ensures a comprehensive 
understanding of the entire process. The data 
properties lay the foundation for comprehending the 
dataset’s nature. At the same time, the subsequent 
section offers valuable insights into the architecture, 
enabling a more profound comprehension of the 
model’s structure and functioning. 

 

A. Data Properties 
 

The training datasets are generated by employing a 
sampling technique based on the radar model, 
specifically the receiver output. For diversity and 
applicability, the target distances of these samples are 
randomly selected within the range of 200 km to  
300 km while maintaining a constant target velocity of 
10 meters per second. 

Simulating the receiving antenna involves utilizing 
40 channels, encompassing a 5km range window 
(equivalent to a 1.67e-5 second time window). As a 
result, each sample forms a 40x400 complex-valued 
matrix. A decomposition process is applied to 
facilitate the incorporation of this data into the deep 
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learning networks without introducing complex-
valued weights. Each signal sample is split into 
corresponding real and imaginary components, 
resulting in 3D matrices. Consequently, the final 
dimensions of the input data are represented as 
40x400x2, providing an optimal format for seamless 
integration into the network architecture. 

 
B. CNN Model 

 
We are using a standard CNN model with  

16 layers, denoted as follows:  
 ݂(ܺ) = ଵ݂ହ ቀ ଵ݂ସ൫… ଵ݂(X)൯ቁ (3) 
 

where layer 1,6,11 denoted by { ௜݂(	∙	)}௜ୀଵ,଺,ଵଵ are the 
three convolutional layers. Due to the nature of the 
dataset, it is important to keep the filters in the first 
convolutional layer large so that signal across multiple 
channels could be analyzed, so the first convolutional 
layer has kernel size of 5	 × 5. The other two deeper 
convolutional layers has a smaller kernel with the size 
of 3	 × 3. For the first layer, stride size of 2 is chosen, 
while the rest of the layers had a stride size of 1. 
Padding is added to the deeper two layers (6 and 11) 
so that the output’s dimensions are the same as inputs. 
The number of filters also follows a typical CNN 
network, where the first two layers have 16 filters, and 
the last layer has 32 filters. 

Layers 2, 7 and 12 denoted by { ௜݂(	∙	)}௜ୀଶ,଻,ଵଶ are 
the batch normalization layers, which helps to avoid 
overfitting while speeding up the training process. 
During training, mini batches are used to update the 
gradients after each iteration, resulting in small noises 
that accumulate into a more generalized model. This 
approach ensures that the model is robust towards 
variations. To strike a balance between training time 
and robustness, a batch size of 128 samples is used in 
the training process. 

Layers 3, 8 and 13 denoted by { ௜݂(	∙	)}௜ୀଷ,଼,ଵଷ are 
the dropout layers with a dropout factor of 0.5. This 
sets 50% of the weights to 0 to counter overfitting. 
Layers 4, 9 and 14 are Leaky Rectified Linear Unit 
layers { ௜݂(	∙	)}௜ୀସ,ଽ,ଵସ used as activation functions that 
helps avoid vanishing gradient compared to normal 
ReLU layers. The whole model is finished with a fully 
connected layer ଵ݂ହ, and a SoftMax layer ଵ݂଺ for one-
hot encoding for the angle classification. 

 
 

5. Training and Evaluation 
 

In this section, we comprehensively explore the 
crucial aspects of our study, including the input 
datasets, training methodology, and evaluation 
metrics. The discussion unfolds in a structured 
manner, with each key element allocated a designated 
subsection. Firstly, in section 5-A, we meticulously 
examine the input datasets utilized in our research. 
This segment sheds light on the composition and 
characteristics of the datasets, providing essential 

context for understanding our model’s training 
process. 

Secondly, section 5-B delves into the intricacies of 
our chosen training methodology. We elucidate the 
techniques, algorithms, and procedures employed to 
optimize our deep learning model, ensuring clarity on 
the approach we adopted to maximize its 
effectiveness. 

Lastly, section 5-C is dedicated to a detailed 
description of the evaluation metrics utilized to assess 
the performance of our model. By thoroughly 
explaining these metrics, we offer transparency in our 
evaluation process, providing readers with a 
comprehensive grasp of our model’s capabilities and 
limitations. Through this structured approach, we aim 
to present a cohesive and informative narrative, 
facilitating a deeper understanding of the key 
components and outcomes of our research. 

 
A. Input Dataset 

 
The DOA estimation problem is formulated as a 

single-label classification problem. The sample space 
is −59.67° to 60°, quantized into 360 classes with 1/3 
degrees intervals to achieve higher accuracy. A 
generated signal with ϕ	 = 	x° is fed into the network 
with categorical label ݔ, and later evaluations of the 
network are done by reverting the categorical labels 
back to angles. For each degree category, 100 samples 
are generated with random noise and random target 
distances discussed in section III.A, for a total of 
36,000 samples per dataset. 

To test the performance of the model under various 
SNR conditions, multiple training datasets are 
generated in -25 dB to 20 dB SNR in 5 dB intervals. 
Each model is trained with one dataset, and the 
resulting models are compared against each other by 
evaluating the RMSE of new test signals at different 
SNR levels. 
 
B. Training Methodology 
 

Our training methodology used cross-entropy loss 
and the Adam optimizer for loss evaluations and 
parameter updates. The Adam optimizer is especially 
worth mentioning since it combines the advantages of 
adaptive learning rate methods and momentum-based 
methods for data from a low SNR environment. It 
adjusts the learning rate for each parameter based on 
the estimate of the first and second moments of the 
gradients, allowing it to adapt to different gradients 
and learning rates for different parameters. In addition, 
the optimizer also incorporates a momentum term, 
which helps accelerate the convergence process by 
dampening the effect of local minimums, which 
occurs frequently in a high variance, noisy data input. 

One crucial hyperparameter to consider when 
using the Adam optimizer is the learning rate, which 
controls the adjustment made to the model weights 
after each iteration. We start with a high learning rate 
of 0.001 to ignore noise patterns in the training dataset. 
However, to ensure that our model extracts more 
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informative features from the target signals in later 
stages of training, we decrease the learning rate by 
10% every ten epochs. This approach balances 
convergence speed with accuracy while mitigating the 
risk of overlooking important features. 

Another hyperparameter that we tune is the epoch 
number, which directly affects the training time and 
the risk of overfitting. We begin with a baseline of 100 
epochs and implement early stopping when 
convergence is achieved around 30 epochs. We have 
conducted several runs to ensure that 40 epochs 
capture the convergence without inducing overfitting. 
 
C. Evaluation Metrics 

 
For the aforementioned datasets created over a 

range of SNR values from -25 dB to 20 dB with 5dB 
intervals, we trained multiple models, with each model 
trained with one SNR value dataset. To assess the 
model’s performance under varying levels of noise, 
we calculated the root mean squared error (RMSE) for 
each model given newly generated data and plotted the 

results over the range of -30 dB to 20 dB. This 
approach allowed us to visualize the performance of 
each model and assess the impact of the varying SNR 
values on the model’s accuracy. By comparing the 
RMSE plots for each model, we were able to 
determine the optimal SNR range for each model and 
identify any limitations or strengths in its 
performance. It is customary in DOA estimation to use 
the RMSE  curve to evaluate the performance of an 
estimation algorithm [36-40]. In radar, the Probability 
of Detection (Pd) curve provides a mechanism to 
evaluate the performance of the radar system [41-43]. 
 
 

6. Results 
 
This section discusses results from the trained 

models tested using newly generated datasets under 
different SNR conditions. The RMSE plots are shown 
in Fig. 3 and discussed in section 6-A, and the 
accuracies of different models are discussed in  
section 6-B. 

 
 

 
 

Fig. 3. Performance results for SNR values -10, 0, 10, and 20 dB. Top row are the probability of detection curves.  
Bottom row are the Root Mean Square Error curves. 

 
 

A.  RMSE Curves 
 

Below are the RMSE curves over the -30 dB to  
20 dB ranges. We could observe that: 

1. In radar systems and other signal processing 
applications, the signal-to-noise ratio (SNR) 
represents the ratio of the power of the desired signal 
to the power of the background noise. A higher SNR 
implies a stronger and more distinguishable signal 
relative to the noise, which typically leads to improved 
detection performance. 

However, an intriguing phenomenon arises in the 
context of training deep learning models for radar 
applications. It has been observed that the lower 
bounds of the detection range, i.e., the ability of the 
model to detect weak signals, are heavily influenced 
by the SNR of the training environment. Specifically, 
as the SNR in the training environment increases, the 

trained model tends to exhibit worse performance 
when operating in lower SNR conditions. This 
counterintuitive behavior can be attributed to the 
training data distribution. When the training 
environment provides high SNR examples, the model 
becomes proficient at learning and recognizing strong 
signals, prioritizing these patterns during training. 
Consequently, the model may become less sensitive to 
weaker signals with lower SNR levels, as they were 
not as prevalent in the training data. 

In contrast, when the training environment 
includes more instances of lower SNR scenarios, the 
model is compelled to pay closer attention to weaker 
signals during training. Consequently, the model 
becomes more adept at detecting and handling such 
low SNR conditions, resulting in improved 
performance when encountering weaker signals in 
real-world scenarios. It is essential to consider the 
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implications of this behavior when designing and 
evaluating deep learning models for radar and signal 
processing applications. Striking a balance in the 
training data distribution and considering a diverse 
range of  SNR levels can help mitigate the adverse 
effects of over-relying on high SNR training samples 
and ultimately lead to better overall performance in 
various real-world conditions. 

 
2. The upper bounds of SNR accuracy refer to the 

highest levels of SNR at which the model exhibits 
optimal performance. Surprisingly, our analysis found 
that the upper bounds of SNR accuracy remain 
relatively consistent across a range of training 
conditions. This stability is a promising indicator, 
suggesting that the model’s effectiveness is not 
heavily influenced by the specific conditions in which 
it was trained. This consistency implies that the model 
can handle a diverse array of SNR levels with 
comparable accuracy, offering a robust and reliable 
performance profile. However, one notable exception 
in our findings is the -25 dB SNR level. The RMSE 
plot demonstrates higher error values on the right side 
for this specific SNR value, indicating a decrease in 
model accuracy. The right side of the plot corresponds 
to scenarios with low SNR levels. This observed 
degradation in performance can be attributed to a 
peculiar aspect of the training process. 

In deep learning models, there is often a trade-off 
between noise suppression and signal preservation. 
During training, the model learns to distinguish signal 
patterns from background noise. In cases where the 
training data predominantly comprises low SNR 
samples, the model might prioritize noise suppression 
to enhance the recognition of weak signals. This focus 
on noise reduction can be beneficial in noisy 
environments but may lead to overaggressive filtering 
in scenarios with very little noise. Consequently, at -
25 dB SNR, where noise levels are considerably 
lower, the model’s excessive noise suppression might 
inadvertently interfere with the actual signal, resulting 
in a drop in accuracy on the right side of the RMSE 
plot. To mitigate this issue, future model 
improvements may involve carefully calibrating noise 
suppression mechanisms or incorporating adaptive 
filtering techniques, which can adaptively adjust their 
filtering based on the prevailing SNR conditions. By 
doing so, the model can strike a better balance between 
noise reduction and signal preservation, leading to 
improved performance across a broader range of SNR 
levels and ensuring consistent accuracy even in 
challenging real-world conditions. 

 
3. A deep learning model’s stability is vital, 

especially in real-world applications where robustness 
and reliability are essential. In our investigation, we 
observed that our trained model possesses exceptional 
stability, particularly when dealing with signals with 
higher SNR values than what the model encountered 
during training. A low root mean square error (RMSE) 
curve signifies that the predicted angles closely align 
with the ground truth angles for such high SNR 

scenarios. This consistently low RMSE indicates the 
model’s proficiency in effectively capturing and 
generalizing from the patterns in the training data to 
new, more favorable conditions where the signals are 
stronger.  

The stability of the model in predicting angles 
accurately, even in less favorable SNR conditions, 
provides valuable insights into its generalization 
capabilities. This characteristic is a testament to the 
robustness achieved during the training process, where 
the model learns relevant features and patterns in a 
manner that is transferrable to new, unseen data. While 
acknowledging this achievement, it’s also essential to 
continue evaluating the model’s performance across 
various SNR ranges and real-world conditions. 
Maintaining a diverse dataset that encompasses a wide 
spectrum of SNR levels can help further optimize the 
model’s adaptability and ensure reliable performance 
in a broader range of practical scenarios. 
 
B. Accuracy  
    

The form below shows the accuracy of different 
models tested against 1000 new signals generated for 
each SNR level, allowing an error of ±0.5°. The 
matrix’s diagonal elements indicate the network’s 
stability when tested at the same SNR as that of 
training. The table shows that the models show 
consistent accuracy when tested at the same SNR as 
that of training. The only exception to this would be 
the 63 % accuracy achieved by the model trained 
under -25 dB and tested under -25 dB, which could 
result from the model’s limitations, as it could not 
further denoise and collect meaningful information 
under very low SNR. 

The off-diagonal elements of the matrix indicate 
variations in performance when tested under different 
SNR conditions than that of training. It can be 
observed that the accuracy of the models degrades as 
the SNR decreases. This could be observed from all 
models except the model trained at -25 dB, where its 
performance decreased as SNR increased. One 
possible explanation could be that the model has 
learned too much about offsetting noise, influencing 
the classification when less noise is presented. Similar 
behavior could also be observed from other models; 
for example, the model trained at -20 dB has accuracy 
peaked at -15 dB. However, this effect is much less 
significant in other models compared to the -25 dB 
model. This indicates that while the low-SNR models 
are generally robust enough to handle both low SNR 
and high SNR signals, the low-SNR training 
environment has an influence on their classification 
for high SNR signals. 

The table also reveals that the models trained and 
tested at low SNR conditions may not be sufficient for 
some applications. For instance, the cutoff point for 
military applications seems to be -15 dB SNR. The 
models trained and tested at -15 dB SNR show an 
accuracy of around 98 %, which is reasonably good 
but may not be sufficient for some military 
applications that require higher accuracy. 
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Table 1. Deep Learning Models Performance: Training SNR Vs Performance Testing SNR. 
 

 
 
 
7. Conclusions 
 

In conclusion, our study demonstrates the potential 
of using deep learning techniques, specifically CNNs, 
to accurately estimate target DOA in low SNR 
conditions up to -20 dB. The CNN model presented in 
this paper was trained on raw radar data without 
preprocessing and achieved high accuracy in real-time 
DOA estimation. The results suggest that CNNs can 
effectively address the challenges of high 
computational complexity associated with the use of 
RF sampling in radar receiver designs. By leveraging 
deep learning capabilities, our approach enables 
efficient and cost-effective DOA estimation, which 
can improve the overall performance of radar systems. 
Our findings highlight the importance of continued 
research in the field of deep learning for radar signal 
processing and the potential for further innovation and 
optimization of CNN-based techniques for real-world 
applications. 
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