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Abstract—In millimeter-wave Integrated sensing and com-
munication (ISAC) systems, a high-resolution Doppler velocity
estimation is crucial for localizing multiple tightly coupled mobile
users in the environment for subsequent communication. Con-
ventional subspace methods, such as the Estimation of Signal Pa-
rameters via Rotational Invariance Technique (ESPRIT), provide
high resolution but incur high complexity and latency, limiting
their use in real-time hardware. This work proposes a low-
complexity end-to-end multi-layer perceptron (MLP) for Doppler
estimation for IEEE 802.11ad ISAC waveform. The proposed
MLP achieves up to 59.8% lower RMSE than classical ESPRIT
while using fewer slow-time packets and up to 20.4x lower
latency on the system-on-chip (SoC). A multi-model extension
further improves robustness across signal-to-noise ratio (SNR),
providing an additional 56% gain at low SNR by adaptively
selecting model parameters. These results demonstrate that MLP-
based estimation provides a scalable, efficient alternative to
classical subspace methods for real-time ISAC systems.

Index Terms—Deep Learning, Multi-layer perceptron (MLP),
radar signal processing, ESPRIT, Zynq multi-processor system-
on-chip

I. INTRODUCTION

Millimeter-wave (mmW) Integrated Sensing and Communi-
cation (ISAC) systems employ radar signal processing (RSP)
at the base station (BS) to sense the environment using the
same waveform, spectrum and hardware intended for high-
gain directional communication between BS and mobile users
(MUs) [1-3]. In sensing, accurate and fast Doppler velocity
estimation is critical for identifying static clutters and re-
solving multiple tightly spaced MUs for reliable communi-
cation via beamforming. While the conventional fast Fourier
transform (FFT) offers Doppler estimation with low hardware
complexity, it is only suitable for coarse estimation and
cannot distinguish multiple closely-spaced targets [4, 5].The
classical subspace methods, such as the Estimation of Signal
Parameters via Rotational Invariance Technique (ESPRIT) and
Multiple Signal Classification (MUSIC), are commonly used
for Doppler velocity estimation as they offer good resolution
at high signal-to-noise (SNR). However, they are computation-
ally intensive and suffer from performance deterioration at low
SNR. In such scenarios, large number of packets are needed
which increases latency and complexity [5, 6].
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Fig. 1: RSP for ISAC system comprising of range, azimuth
and Doppler estimation

Prior works have explored the integration of deep learning
(DL) for enhancing the performance of RSP [7]. The works
[7, 8] demonstrate that DL can effectively augment subspace
methods for improved direction-of-arrival (DOA) estimation,
offering better accuracy and resolution. DL-based approaches
learn directly from data and do not rely on strict assumptions,
such as additive white Gaussian noise (AWGN) or linear
models, making them flexible for practical scenarios. However,
their computational complexity and reliance on training data
are concerns. In addition, the generalization capability of DL
models remains a concern and must be validated across diverse
operating environments, as well as their feasibility on SoCs.

We propose an end-to-end multi-layer perceptron (MLP)
as a low-complexity solution replacing ESPRIT for Doppler
velocity estimation in the ISAC RSP system, as shown in
Fig. 1. The MLP model provides improved multiple-target
localization compared to classical ESPRIT with fewer time
packets. We present hardware-efficient architectures for MLP
and ESPRIT on a Zynq multi-processor SoC (MPSoC) via
hardware-software co-design (HSCD). The end-to-end MLP
offers a 20.4x reduction in execution time over ESPRIT. The
proposed multi-model MLP can dynamically adapt to SNR
variations, achieving up to 56% improvement in performance
by switching to the appropriate configuration.

II. ISAC SYSTEM MODEL AND RSP FRAMEWORK

The ISAC system comprises a stationary BS and multiple
MUs along with clutters as radar targets. We use IEEE
802.11ad as common waveform for sensing and communica-
tion [3, 4]. The BS omnidirectionally transmits preamble of the
IEEE 802.11ad and processes the target-reflected returns using
RSP to determine the range, azimuth, and Doppler velocity
of the targets. The range-azimuth processing is carried out



through matched filtering (MF) across P fast-time samples
and digital beamforming (DBF) across U antenna elements, as
shown in Fig. 1 [4]. This is followed by Doppler estimation to
separate out the MUs from static clutter scatterers. The slow-
time vector, x € CN*! post range-azimuth processing with
superimposed returns from 7' targets within the same range-
azimuth bin is represented as,

T
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where N is the number of slow-time samples, Tpr; is the
pulse repetition interval (PRI), A is the millimeter wavelength,
a; is the complex amplitude after reflection from the ** target.
x is processed through ESPRIT to determine the Doppler
velocities of 7' targets. ESPRIT includes the autocovariance
generation via spatial smoothing (SS), where x is split into
multiple subarrays, each of length M, and the autocovariance
resulting from each subarray is averaged to form the averaged
covariance matrix, Agyg € CMxM A,vg then undergoes
eigen vector decomposition (EVD) via the QR factorization
method to determine the signal subspace, Eq € CM*T', where
T refers to the maximum number of targets we expect to
detect in the signal. Eg is used for further processing via
pseudo-inversion and eigenvalue decomposition to estimate the
Doppler velocities of 1" sources.

EVD is the most computationally expensive step in subspace
methods. This work and subsequent SoC implementation of
ESPRIT use an iterative QR algorithm to enhance the accuracy
of the EVD stage. In each k" iterations, the covariance,
Ay € CM*M g gplit into a unitary matrix Qi € CM*M and
an upper triangular matrix Ry € CM>*M_ The covariance for
the next iteration is reconstructed from the product Ay, =
Rk Qx. These iterative QR decompositions are carried out un-
til the magnitude of all of the off-diagonal elements of Ay falls
below a threshold e. The termination condition ensures that
the resulting Ak _, converges to a diagonal matrix, with its
diagonal elements now representing the eigenvalues of Agyg.
The respective eigenvectors are obtained by accumulating all
the unitary matrices across iterations, Q = QoQ1...Qk_1.

III. PROPOSED MLP BASED DOPPLER ESTIMATION

The performance of classical ESPRIT depends on signal
quality and the number of slow time packets, and degrades
significantly under noisy conditions. To address this limita-
tion, we propose a DL-based Doppler estimation approach
that replaces the ESPRIT processing with a neural network
that learns the mapping between received observations and
Doppler velocities. Once trained, the model performs es-
timation through a single forward pass, avoiding iterative
computations and enabling efficient inference.

A. Model Description

The proposed estimator employs a multilayer perceptron
(MLP) comprising fully connected layers. The input to the
network is the received complex baseband signal collected

over multiple packets. Since the network operates on real-
valued inputs, the complex signal is decomposed into its
real and imaginary components, which are then interleaved to
form a real-valued input vector. The input vector is processed
through a series of fully connected layers that progressively
extract features relevant to Doppler velocity estimation. Each
layer consists of a linear transformation followed by Layer
Normalization (LN) and a ReLLU activation function. The final
layer outputs the estimated Doppler velocities. Its number of
neurons is set equal to the number of targets, (T), enabling
simultaneous estimation of the velocities of multiple targets.

B. Training

The MLP model is trained in a supervised manner, where
each sample consists of a received complex signal and the
corresponding ground truth Doppler velocities. The dataset
contains 49,500 samples, with 45,000 used for training and
validation (90:10 split) and 4,500 for testing. It is trained
by minimizing the Root Mean Squared Error (RMSE) using
the Adam optimizer with a weight decay of 10~%, and mini-
batch gradient descent with a batch size of 2048. A learning
rate scheduler is used with an initial learning rate of 1073, a
patience of 5 epochs, and a minimum learning rate of 1072,
The model with the lowest validation loss is selected. Training
is performed offline, and the model is then used for inference.

C. Ablation Study and Architecture Selection

An ablation study is conducted to select the final MLP
architecture by evaluating models with different depths and
hidden layer sizes for 20 slow time packets and two targets.
Architecture I is a two-layer MLP with 100 neurons per layer,
Architecture II increases the hidden size to 400 neurons, and
Architecture IIT uses three layers with 400 neurons per layer.
All layers use LN and ReLU. A variant of Architecture III
without LN is also evaluated. Fig. 2 shows the RMSE perfor-
mance for models trained at 20 dB SNR and evaluated over [0,
20] dB, and Table I summarizes the complexity and execution
time on an embedded processing system. Increasing the hidden
size from Architecture I to II reduces RMSE by 7.4%, with
4x more parameters and floating-point operations (FLOPs)
and 1.4x higher latency. Increasing depth to Architecture III
provides an additional 23.1% reduction in RMSE, with nearly
10x higher complexity and 1.5x higher latency. Overall,
Architecture III achieves 30% lower RMSE than Architecture
I, with 40x higher complexity and only 2x higher latency.
Removing LN increases RMSE by 24.8% with negligible
reduction in complexity. Hence, Architecture III with LN is
selected and is used for subsequent discussions.

TABLE I: Ablation Study

Architecture | Parameters | FLOPs :’nisglme Is\;lzzd(ell(B)
1 4,502 4,600 6.11 20

I 18,002 18,400 8.72 73

111 179,202 180,000 | 12.85 703

I (w/o LN) | 177,602 176,800 | 12.74 696
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Fig. 2: RMSE comparison of candidate architectures

IV. HARDWARE ARCHITECTURE FOR ESPRIT AND MLP
ON SoC

We present the hardware architectures for both classical ES-
PRIT and the proposed end-to-end MLP on the Zynq MPSoC
via HSCD. Zynq MPSoC comprises a processing system (PS)
and FPGA based programmable logic (PL), enabling efficient
task partitioning based on computational requirements.

A. ESPRIT

The state-of-the-art hardware architecture of ESPRIT, in-
cluding all sub-blocks, SS, EVD, and pseudo inverse, is
discussed in [5]. In this work, we focus primarily on EVD
using an iterative QR decomposition approach. As discussed
in section II, in the iterative QR algorithm, the iterations are
continued until the termination condition is satisfied. This
leads to an unpredictable number of iterations, making it
difficult to quantify the real-time complexity of ESPRIT. We
thus hard fix the number of iterations, K. Table II shows
the ESPRIT RMSE upon fixing K to different values across
SNRs. Here, EVD from the PyTorch library is used as a golden
reference. Since both accuracy and computational cost increase
with K, we select K = 20 as the optimal value, ensuring
the RMSE is sufficiently close to the golden reference, within
0.7% across all SNRs. Thus, by setting K to 20, we can ensure
deterministic latency for ESPRIT in hardware.

In each k'™ iteration, a series of complex Givens rotations is
performed across each column of Ay to convert it to an upper
triangular matrix. These Givens rotations are implemented in
a fully pipelined manner. The matrices are partitioned into
multiples BRAMSs to enable simultaneous MAC operations
and memory updates for matrix multiplication operations. All
complex multiplications are mapped to DSP blocks for high
throughput. Finally, the signal subspace is extracted from the
accumulated unitary matrix Q after K iterations.

TABLE II: PyTorch vs Iterative QR EVD (50 packets)

RMSE (m/s)
EVD K a8 T10dB | 20dB
PyTorch | - | 828 | 2.86 | 1.00
T [ 1356 | 597 | 243
. 0 844 [ 299 | T2
Tterative QR —h——g——>%g—T09
30828 [ 287 | T.09

B. End-to-End MLP and Multi-Model Architecture

The selected MLP model, described in Section III-C, is
implemented on a Zynq MPSoC using a hardware software
co design approach, where inference is mapped to the PL and
the remaining operations are executed on the PS. The design
follows a dataflow architecture with all layers instantiated
in hardware and connected in a pipelined manner, enabling
streaming between layers and improving throughput.

The MLP is realized using a neuron level architecture,
where each neuron includes weight memory, bias registers, and
a Multiply Accumulate (MAC) unit to compute the weighted
sum. Multiple neurons are processed in parallel, controlled
by a parallelism_factor I that maps L logical neurons to
L/I physical neurons. Three configurations are considered,
corresponding to different latency and complexity trade offs.
Each layer is followed by LN and ReLU, both implemented
in hardware. To ensure robust performance across varying
conditions, a multi-model approach is adopted. Here, multiple
pre-trained MLP model weights are stored in on-chip memory,
and a control flag selects the appropriate weights at runtime.
Thus, a shared computational architecture is used for all
models, avoiding additional hardware overhead, with only
increased memory required for storing multiple weight sets.
Fig. 3 presents the HSCD of the multi-model approach on
Zynq MPSoC.
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Fig. 3: HSCD of multi-model MLP on Zynq MPSoC

V. PERFORMANCE ANALYSIS

In this section, the performance of the proposed MLP-based
Doppler estimator is compared with the classical ESPRIT
algorithm under varying operating conditions, including SNR
levels, number of targets, and packet counts. RMSE between
the estimated and ground truth Doppler velocities is used as the
performance metric. To ensure a fair comparison, the same set
of 4,500 ground truth samples is used across all test conditions.
Each sample is modeled with 7' = 2 targets, where the
range, azimuth, and Doppler velocity are drawn from uniform
distributions. The target radar cross-section (RCS) follows a
Swirling-1 exponential distribution with a mean of 10 m?2.
The ground truth Doppler velocities span (—30,30) m/s. The
center frequency is 60 GHz and the PRI is 2 us. AWGN is
added to the target-reflected returns according to the specified
SNR. Each sample first undergoes range-azimuth processing,
and the resulting slow-time vector, shown in (1), is used as
input to ESPRIT and the proposed MLP. For each operating
point, only the noise and observation conditions are varied,
while the underlying ground truth remains unchanged.



TABLE III: OOR% comparison between MLP and ESPRIT

Algorithm | N\ —qp O%Rdﬁs%) 20dB |
MLP 20 028 | 025 | 02
20 [ 8104 | 39.03 | 1438
ESPRIT 37931333 46

A. Comparison of classical ESPRIT and MLP

We begin with highlighting out-of-range (OOR) predic-
tions issue in Doppler velocity estimation. ESPRIT occasion-
ally produces large estimation errors, resulting in predicted
velocities that fall far outside the valid Doppler range of
(—30,30)m/s. Such outliers can dominate error statistics and
lead to misleading performance assessments. To ensure a fair
comparison, ESPRIT predictions are constrained within the
predefined range by clipping any OOR values to the nearest
boundary. As shown in Table III, OOR predictions in MLP
is approximately 0.28% and 0.2%, compared to 81.04% and
14.58% for ESPRIT with 20 packets at -20 dB and 20 dB SNR,
respectively. This demonstrates that the MLP rarely produces
OOR estimates and implicitly learns the valid velocity range
making it more reliable and robust.

Next, we evaluate the number of slow-time packets required
individually by ESPRIT and MLP to obtain the same RMSE.
Fig. 4 shows the RMSE of the MLP with 20 slow-time packets,
shown in a red dotted line. We run a number of packet sweep
(ranging from 0 to 200) on ESPRIT. Fig. 4(a) shows that at
-20 dB SNR, ESPRIT requires 170 packets to achieve the
same performance as MLP with 20 packets. Similarly, for
an SNR of 20 dB, 40 packets are required by ESPRIT to
match the performance of 20 dB MLP as shown in Fig. 4(b).
Thus, MLP outperforms ESPRIT, achieving lower RMSE even
with fewer packets. Next, Fig. 5 shows the RMSE comparison
across SNRs validating superiority of MLP.
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Fig. 4: RMSE comparison between 20-packet MLP and ES-
PRIT across different packet counts.

B. Effect of training SNR

We evaluate the impact of training SNR on the performance
of the selected 20-packet MLP model. Fig. 6 shows the RMSE
of models trained at -20 dB, 0 dB, and 20 dB, evaluated
over the SNR range of [-20, 20] dB. Each model performs
best near its training SNR, with performance degrading as the
operating SNR moves away from it. The model trained at -
20 dB provides robust performance under low-SNR conditions
and remains stable up to approximately -10 dB, beyond which
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Fig. 5: RMSE comparison between ESPRIT and 20 dB SNR-
trained MLP for the localization of two targets.
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Fig. 6: MLP performance with different training SNRs, and
the multi-model architecture.

its improvement saturates. The 0 dB model performs well
across moderate to high SNRs and achieves a lower error
floor. In contrast, the 20 dB model offers no additional gain
over the 0 dB model at high SNR while performing worse
at low SNR. Based on these observations, only two models
are sufficient to cover the entire SNR range effectively. The
-20 dB model captures low-SNR conditions, while the 0
dB model generalizes well across moderate and high SNRs,
eliminating the need for separate models at each SNR point.
The resulting multi-model adaptive approach, shown in Fig. 6,
achieves superior performance across all SNRs with minimal
complexity overhead, providing up to 56% lower RMSE than
a single-model MLP at -20 dB SNR.

We next evaluate the proposed multi-model architecture for
varying numbers of targets. Fig. 7 compares the performance
of the model trained and tested with 7" = 3 against classical
ESPRIT. While ESPRIT with 50 packets suffers significant
performance degradation as the number of targets increases,
the proposed architecture with 20 packets clearly outperforms
ESPRIT with 50 packets and even surpasses ESPRIT with
75 packets at low and moderate SNRs. This demonstrates
that the proposed end-to-end MLP approach is more robust to
target variations and provides better resolution than classical
ESPRIT.

VI. HARDWARE COMPLEXITY ANALYSIS

This section compares the hardware complexity of ESPRIT,
end-to-end MLP, and multi-model MLP on a Zynq MPSoC
platform. The designs are implemented using double-precision



TABLE IV: Hardware complexity comparison of Doppler estimation architectures on Zynq MPSoC.

Architecture N Exec. Time (ms) | AF w.r.t Resource Utilization Power
PS PL ESPRIT BRAM DSP LUT (W)
ESPRIT 50 | 1257.28 7.15 175.8 59 978 118479 5.77
High Lat. MLP 12.85 0.56 2246.2 178 (+201.7%) 97 (-90.1%) 129700 (+9.5%) 4.79
Med. Lat. MLP 20 12.85 0.43 2910.4 192 (+225.4%) | 167 (-82.9%) | 131406 (+10.9%) 491
Low Lat. MLP 12.85 0.35 3592.2 212 (+259.3%) | 695 (-28.9%) | 186685 (+57.6%) 6.03
Multi-model 12.85 0.36 3492.4 415 (+603.4%) 699 (-28.5%) 175008 (+47.7%) 5.85
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Fig. 7: RMSE comparison between ESPRIT and multi-model
MLP for localization of three targets.
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Fig. 8: PS and PL RMSE comparison for ESPRIT and MLP.

(DPFL) and single-precision (SPFL) floating-point on the PS
and PL, respectively. Functional accuracy is validated by com-
paring PS and PL implementations. As shown in Fig. 8, the
curves closely overlap for both ESPRIT and MLP, confirming
that the SPFL hardware maintains accuracy relative to DPFL
implementations. In addition, the 20-packet-multi-model MLP
achieves a 59.8% RMSE improvement over 50-packet ESPRIT
at -20 dB SNR.

Table IV summarizes the hardware complexity and acceler-
ation factor (AF), computed with respect to the PS execution
time of 50-packet ESPRIT. All MLP configurations achieve
significant latency reduction, providing 12.8-20.4x speedup
over ESPRIT. The high, medium, and low latency designs
correspond to different parallelism factors, I = 20,20,1,
10,10, 1, and 2, 2, 1, respectively. Increasing the degree of par-
allelism reduces execution time, with up to 1.6 x improvement,
but leads to a proportional increase in DSP utilization, reflect-
ing the trade off between latency and hardware resources.

The multi-model architecture, implemented with I = 2,2, 1,

introduces only memory overhead due to storage of multi-
ple weight sets, while maintaining similar DSP usage and
negligible latency increase (0.35 ms to 0.36 ms). Overall,
while ESPRIT uses fewer BRAM and LUT resources, it
exhibits significantly higher latency and DSP usage, along with
inferior estimation performance. These results demonstrate the
superiority of MLP over subspace methods.

VII. CONCLUSION

This work demonstrates that MLP-based Doppler velocity
estimation is an effective alternative to classical subspace
methods for mmW ISAC systems. The proposed end-to-end
MLP improves estimation accuracy by 59.8% and reduces
Doppler estimation latency by 20.4x over classical ESPRIT,
while reducing reliance on large packet sizes and enabling
real-time operation. A simple multi-model approach further
ensures robust performance across varying SNR conditions
using only two models, eliminating the need for specialized
designs. Overall, the proposed method achieves a favorable
trade-off between accuracy, complexity, and adaptability, mak-
ing it well suited for resource-constrained ISAC systems.
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