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Abstract. This project aims to identify different radar submodes using Al-based
techniques. A radar submode is characterized by its pulse width (PW), pulse rep-
etition interval (PRI), and intrapulse modulation type. The developed system op-
erates in the 13—43 dB SNR range and consists of three core stages: preprocess-
ing, pulse extraction, and intrapulse modulation classification. For modulation
classification, three alternative models are trained: a complex-valued Gaussian
network, a convolutional neural network (CNN), and an multi-layer perceptron
(MLP). A graphical user interface (GUI) is implemented to visualize the input
signal and display the classification probabilities for each submode. Both the
CNN and MLP are deployed on an AMD Artix-7 FPGA within the specified re-
source constraints via UART serial communication, with the predicted submode
displayed on the seven-segment display. CNN achieves 100% accuracy and MLP
achieves 99.5% on hardware. The MLP satisfies the 150 ps latency requirement
with 120 ps inference time, making it the primary candidate for integration into
EHSIM’s electronic support measures (ESM) system.
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PROJECT DESCRIPTION

Modern military operations rely heavily on the ability to identify radar signals
in real time. Radar systems transmit pulses characterized by specific emission pa-
rameters such as pulse width (PW), pulse repetition interval (PRI), and intrapulse
modulation type. Together, these parameters characterize a radar submode. Accu-
rate identification of radar submodes is critical for electronic warfare (EW) systems,
as it allows operators to recognize potential threats and deploy appropriate coun-
termeasures. Currently, electronic support measures (ESM) systems identify radar
submodes using rule-based lookup table methods, which directly map received sig-
nals to their corresponding submodes [1]. While computationally efficient, these
methods require careful prior mission programming, making them vulnerable to
human error and unable to adapt to new or evolving radar waveforms. EHSIM,
an electronic warfare company, aims to address these limitations by integrating an
Al-based radar submode classification module into their existing ESM system. Ex-
isting commercial products, such as OmniSIG by DeepSIG and the HENSOLDT
GEW RES9000, demonstrate that Al-based and hybrid approaches to radar signal
identification are feasible [3, 4]. However, OmniSIG requires high-performance
hardware such as GPUs, increasing deployment cost significantly. The RES9000 is
a full military-grade ESM system encompassing much broader functionality than
submode classification alone, making it overly complex and costly for targeted in-
tegration. Neither product is specifically designed for compact, low-latency FPGA
deployment. This project develops a compact, hardware-deployable Al system for
radar submode classification. The system identifies five distinct radar submodes:
constant RF, up-chirp LFM, down-chirp LFM, up-down chirp LFM, and random
BPSK, from pulsed Doppler radar signals in the 13—43 dB SNR range. The modu-
lation recognition model is designed for low computational cost and low inference
latency, enabling real-time hardware deployment on a Field-Programmable Gate
Array (FPGA). The design specifications call for the system to operate over an in-
put RF range of -300 kHz to +300 kHz, support pulse widths up to 200 ps, and
achieve at least 95% end-to-end classification accuracy on hardware with an infer-
ence latency below 150 ps. These targets must be met under hardware constraints
of no more than 50 DSP slices and 10,000 LUTs, with a maximum power consump-
tion of 10 W. The overall system architecture is illustrated in Figures 1 and 2. Radar
pulse signals are first preprocessed in software: the raw 1Q signal is converted to
baseband, resampled to 40 Msps, and normalized. Pulse edges are detected using a
classical method, providing the start and stop times of individual pulses. Each ex-
tracted pulse is zero-padded or trimmed to a fixed length of 1,000 samples and fed
into the intrapulse modulation classification model. Two model implementations
are deployed on the FPGA: a three-layer 1D CNN and a phase feature-extraction-
based MLP. Radar pulses are transmitted to the FPGA via UART, and the class
logits are returned to the host computer where submode probabilities are displayed
on the GUI. The predicted submode is also shown on the seven-segment display of
the Basys-3 FPGA board.
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FIGURE 1. Big Picture, Software Phase
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FIGURE 2. Big Picture, Hardware Phase

MILESTONES

e Dataset Generation: Synthesis of a labeled dataset of pulsed Doppler radar
signals covering five distinct submodes, with randomized pulse parameters

across the 13—43 dB SNR range.

e Preprocessing: A signal processing pipeline that converts raw IQ signals to

baseband, resamples to 40 Msps, and normalizes amplitude.

e Model-1 — Pulse Detection: A classical pulse detection algorithm and two

Al-based alternatives for pulse edge localization and PW/PRI estimation.

e Model-2 — Intrapulse Modulation Classification: Training and evaluation

of three alternative classification models targeting above 99% accuracy.

o GUI Design: A graphical user interface that displays per-submode clas-
sification probabilities and visualizes the input signal, spectrogram, and

quantized waveform.

o FPGA Implementation: Deployment of the modulation classification mod-
els on the Basys-3 Artix-7 FPGA using 8-bit quantization and UART com-
munication, within the resource and latency constraints specified by EHSIM.
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DESIGN DESCRIPTION

A synthetic dataset of 5,000 pulsed Doppler radar signals was generated in
MATLAB with randomized PW, PRI, SNR, and carrier frequency values, with
1,000 signals per submode. The preprocessing was implemented in Python using
SciPy. It performs coarse carrier frequency estimation via Welch’s method, down-
conversion, resampling, fine frequency estimation using spectral centroid, and am-
plitude normalization. Pulse edges are located using a classical method based on
moving average filtering and Neyman-Pearson thresholding, from which PW and
PRI are estimated. Two Al-based alternatives for pulse detection were also devel-
oped: a CNN and a CNN with a pre-detector. For modulation classification, three
Al models were trained in PyTorch. CVG-Net uses a learnable Gaussian filterbank
frontend followed by complex-valued convolutional blocks [5]. The 1D CNN is
a lightweight three-layer architecture operating directly on IQ data. The feature-
extraction MLP computes six phase-derived features per pulse: four frequency
slope estimates, a maximum phase jump measure, and a frequency derivative sum,
and classifies them with a two-hidden-layer perceptron. The MLP was selected
for FPGA deployment alongside the CNN due to its low computational complex-
ity. A GUI was implemented using Tkinter, displaying per-submode classification
probabilities on a bar plot and visualizing the float input signal, its spectrogram,
and the 8-bit quantized waveform transmitted to the FPGA, as shown in Figures
3, 4 and 5. Both models were deployed on the Basys-3 Artix-7 FPGA using 8-bit
quantization-aware training, implemented in VHDL using Vivado, within the re-
quired resource, latency, and accuracy constraints. The MLP pipeline additionally
includes a CORDIC-based phase calculator and a fixed-point feature normalizer.
Serial communication was handled via UART, and the predicted submode is dis-
played on the board’s seven-segment display, as shown in Figure 6.
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FIGURE 3. GUI Overview






