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Adaptive Frequency-Domain Sliding Block
Correlators for PMCW Radar Processing

Hanqing Wu , Geert Leus , Fellow, IEEE, and Ashish Pandharipande , Senior Member, IEEE

Abstract—Phase-modulated continuous-wave (PMCW)
radars offer better multiple antenna support and flexible
waveform design. These radars, however, suffer from the
high computational complexity of correlation processing
used to obtain the range of targets, particularly due to the
use of long code sequences. To address this, we exploit
signal sparsity and propose an adaptive sliding block-based
fast Fourier transform (FFT) correlator that selectively
processes only the relevant range bins and dynamically
aligns processing blocks using a time-shift parameter. This
sliding mechanism minimizes boundary effects and reduces
the number of blocks required for processing. The framework
also incorporates external sensor data for context-aware
range-bin selection and includes an analytical formulation
for optimal block size selection. Simulations demonstrate
that the proposed method preserves the signal-to-noise
ratio (SNR) and target peaks while significantly reducing
processing time. The effectiveness of the proposed method is demonstrated through numerical simulations.

Index Terms— Automotive driving, correlator, phase-modulated continuous-wave (PMCW) radar, sliding block fast
Fourier transform (FFT).

I. INTRODUCTION

RADAR is a core sensor technology in automotive driv-
ing systems to achieve higher levels of autonomy in

a cost-efficient and robust manner. Automotive radar sen-
sors are used to estimate attributes like range, Doppler, and
angle of targets in the driving scene [1], [2]. To support
higher levels of driving autonomy, finer angular resolution
is required with imaging radars that have a large num-
ber of antennas [3], [4]. Conventional automotive radars use
frequency-modulated continuous-wave (FMCW) signals as
active sensor signals. While FMCW radars are attractive for
their architectural simplicity, they do not provide sufficient
multiple antenna scaling for imaging radar applications and
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instead lead to a reduced unambiguous Doppler velocity.
This has led to interest in phase-modulated continuous-wave
(PMCW) digital radars due to inherent support for a large
number of antennas [5], [6], [7]. Besides providing a pathway
to high-resolution imaging radars, some of the other benefits
reported for PMCW radars are waveform design flexibility and
reduced inter-radar interference [8], [9], [10], [11].

A PMCW radar uses carefully designed sequences with
good correlation properties to achieve multiple-input–multiple-
output (MIMO) scaling with high unambiguous Doppler
velocity. A simplified block diagram of a binary PMCW
radar is shown in Fig. 1. In binary PMCW radars, the trans-
mitted signal is a continuous radio frequency (RF) carrier
modulated by a binary sequence, where each symbol, drawn
from the set {−1, +1}, represents a 0◦ or 180◦ phase shift.
To ensure high performance, binary sequences with good
periodic autocorrelation and cross correlation properties [12],
[13], such as almost-perfect autocorrelation sequence [14],
zero correlation zone [15], and Gold [16] sequences are used
to modulate a 79-GHz local oscillator (LO). The modulated
signal is then amplified and transmitted as electromagnetic
waves by the antennas and reflected back by the targets. The
received RF signal is an amplitude-scaled and time-delayed
version of the transmitted one with the delays corresponding
to the time of flight. It is amplified by a low-noise amplifier
(LNA), and after that, the RF signal is downconverted by the
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Fig. 1. System model of PMCW radar.

same LO. After digitization by the analog-to-digital converter
(ADC), range, Doppler, and angle processing are done by
order to get the position, velocity, and angle information of
targets.

Range processing in PMCW radars is conventionally per-
formed using a correlator bank, which estimates the delay
of signals reflected from targets. The complexity of correla-
tion processing is quite high due to the large-length PMCW
radar sequences used (in the order of thousands). Correlators
can be implemented in either the time domain [17], [18],
[19], [20] or frequency domain [21], [22]. Time-domain corre-
lators are advantageous for hardware implementations due to
their simplicity and parallel processing capabilities, but they
are computationally expensive and resource-intensive. In con-
trast, frequency-domain correlators leverage the efficiency of
the fast Fourier transform (FFT) to enable parallel processing
across multiple correlation phases, significantly improving
computational efficiency.

Besides radar applications, the challenge of designing low-
complexity correlators is encountered in other applications
like spread-spectrum communications and global navigation
satellite system (GNSS) signal acquisition. To decrease the
complexity, several fast time-domain algorithms have been
proposed [18], [19], [20], and in certain cases, these methods
are competitive with FFT-based approaches for large-scale
correlations. For frequency-domain correlators, algorithms that
exploit FFT splitting have been developed [21], [22], primarily
for GNSS signals. However, radar signals exhibit sparsity
properties that have yet to be fully explored, presenting an
opportunity to develop new methods that reduce computational
complexity for radar applications.

We propose an adaptive frequency-domain sliding block
correlator for PMCW automotive radar processing. By dynam-
ically selecting and processing only the relevant blocks, the
method significantly reduces computational cost for both
range and Doppler processing. Unlike our previously proposed
fixed-block method [23], the present framework introduces a
time-shift parameter that aligns processing blocks with target
positions with more flexibility, mitigating boundary effects and
enabling more efficient block utilization. We further derive a
closed-form design rule for selecting the optimal block number
that minimizes the total range and Doppler processing com-
plexity for a given radar configuration, eliminating the need for
frame-by-frame tuning. The framework is also flexible. It oper-
ates independently based on the initial range profile and can
optionally incorporate external scene information (e.g., digital
maps), when available, to guide block selection. Simulation
results across three exemplary automotive driving scenarios
validate the effectiveness of the proposed sliding mechanism,

Fig. 2. Block diagram of a frequency-domain correlator.

demonstrating reduced redundant processing, improved han-
dling of boundary effects, and robustness in dense, multitarget
environments. In all cases, the sliding approach preserves
target peaks and the noise floor while achieving substantial
runtime reductions compared to full-FFT and nonsliding block
correlators [23]. Collectively, these contributions yield a more
efficient and robust solution for PMCW automotive radar data
processing.

II. FREQUENCY-DOMAIN CORRELATOR

In a PMCW radar system with a code c[n] of length Lc
and symbol duration Tc, range processing is performed using
a bank of correlators that compare the received signal y[n]

with delayed versions of c[n] at τTc. The resulting range
profile exhibits peaks at time-of-flight reflections, enabling dis-
tance estimation. Since time-domain correlation corresponds
to element-wise multiplication in the frequency domain, the
range profile r [τ ] can be computed using the FFT, element-
wise multiplication, and inverse FFT, as shown in Fig. 2. For
efficient FFT implementation, signals are zero-padded to a
power-of-two length L .

The FFT-transformed received and transmitted signals are,
respectively,

Y [k] =

L−1∑
n=0

y [n] e− j 2π
L kn, C [k] =

L−1∑
n=0

c [n] e− j 2π
L kn . (1)

The frequency-domain correlation is then obtained as

R [k] = Y [k] C∗ [k]

=

L−1∑
τ=0

L−1∑
n=0

y [n] c [(n − τ) mod L]︸ ︷︷ ︸
r [τ ]

e− j 2π
L kτ . (2)

A subsequent IFFT results in the time-domain range profile

r [τ ] =
1
L

L−1∑
k=0

R [k] e j 2π
L kτ . (3)

Although this frequency-domain approach has a reduced com-
plexity of O(L log L) compared to time-domain correlators,
it remains computationally demanding for large Lc, motivating
the need for lower complexity approaches.

III. ADAPTIVE FFT-BASED SLIDING
BLOCK CORRELATOR

In automotive radar scenarios, only a limited number of
targets exist within the radar’s field of view. Consequently,
radar signals exhibit inherent sparsity, with many range bins
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Fig. 3. Illustration showing sparsity in range domain using a conven-
tional FMCW radar. Black points: radar detections, blue points: LiDAR
detections, and red boxes: bounding boxes on detected targets.

containing minimal or no relevant target information, and
only a small subset of detections being relevant. Furthermore,
in advanced driver-assistance system applications, the nearby
targets are more relevant for actions like braking and cruise
control. As such, the detection of only the close-by targets is
relevant. An exemplary real-world radar and LiDAR measure-
ment data is shown in Fig. 3. Here, three targets are detected
within 15 m, while detections beyond this range contain no
meaningful target information, illustrating the sparse nature of
radar returns. Note that this example uses a conventional radar
(not PMCW) and is included to illustrate the general sparsity
observed in automotive radar scenes.

Leveraging range sparsity, we propose an adaptive
FFT-based sliding block correlator that reduces computational
complexity compared to conventional full-length frequency-
domain processing. Instead of performing correlation across
the entire range profile, the proposed method partitions the
full-length correlation into d smaller blocks, dynamically
identifies and processes only the relevant range profile blocks
where potential targets are likely to be present. Unlike fixed-
block partitioning [23], which may require redundant block
processing or risk target misalignment near block boundaries,
we introduce a sliding block mechanism controlled by a
tunable time-shift parameter 1. This mechanism ensures that
targets are well-contained within their corresponding blocks
with sufficient margins, thereby enhancing robustness and
reducing computational complexity.

While primarily designed for range processing, the pro-
posed method operates within a broader radar framework that
includes Doppler processing, as illustrated in Fig. 4. In the
first fast-time duration, a full-range profile is computed to
determine the block indices and the corresponding time shift 1

associated with potential targets. For the remaining M −1 fast-
time durations, the adaptive sliding block correlator is applied
to obtain only these selected range blocks. Finally, Doppler
processing is performed exclusively on the adaptively selected
blocks across all M pulses, thereby further reducing the
computational load by avoiding full range–Doppler processing.

Building on this principle, we next detail how the adaptive
sliding block correlator is formulated and applied. We first pro-
vide a mathematical explanation of how segmentation into d
blocks and the application of a time shift 1 allows direct com-
putation of the correlation values for a selected sliding block,
ensuring equivalence to the full-length frequency-domain cor-
relator. Based on this formulation, we then describe the
processing framework step by step, including the identification

of relevant range bins, determination of the optimal time shift,
and frame-to-frame adaptation.

A. Adaptive Sliding Block Correlator
This section provides a mathematical description of the

adaptive sliding block correlator. As illustrated in Fig. 5,
we show how segmentation of the received and reference
signals, combined with phase compensation, enables direct
computation of the correlation values for the desired sliding
block, providing the corresponding portion of the full corre-
lation output without computing the entire range profile.

1) Padding and Segmentation: The received y[n] is first
zero-padded to a length L that is a multiple of d and a power
of 2 and then segmented into d blocks yi [n], i = 1, 2, . . . , d ,
where

yi [n] = y
[
n + (i − 1) L/d

]
, n ∈ {0, 1, . . . , L/d − 1} .

(4)

Note that the transmitted code sequence c[n] is processed
similarly and could be precomputed for storage.

2) Combination: In the combination block, each segment
yi [n] is processed to form ỹm[n] for m = 1, 2, . . . , d using
phase shifts

ỹm [n] =

( d∑
i=1

yi [n]e
− j2π(m−1)(i−1)

d

)
e

− j2π(m−1)n
L . (5)

For example, when d = 4 and m = 1, the combination
reduces to ỹ1[n] = y1[n] + y2[n] + y3[n] + y4[n].

3) L/d-Point FFTs: An L/d-point FFT is applied to ỹm[n]

for each m, yielding

Ỹm [k] =

L/d−1∑
n=0

ỹm [n] e
− j2πkn

L/d , k ∈ {0, . . . , L/d − 1} . (6)

The L/d-point Ỹm[k] could be seen as a downsampled
version of the original L-point Y [k] by a factor d , expressed
as Ỹm[k] = Y [dk + m − 1]. For example, when L = 16 and
d = 4, the 16-point Y [k] (k = 0, . . . , 15) is represented by
four 4-point sequences

Ỹ1 [k] = Y [4k] , Ỹ2 [k] = Y [4k + 1] ,

Ỹ3 [k] = Y [4k + 2] , Ỹ4 [k] = Y [4k + 3] , k = 0, 1, 2, 3.

Thus, each Ỹm[k] individually provides a downsampled view
of Y [k], and together the d sequences contain all the informa-
tion of the original spectrum without any loss.

4) Multiplication in the Frequency Domain: For each segment
(m = 1, 2, . . . , d), element-wise multiplication is performed
between Ỹm[k] and the conjugate of C̃m[k], yielding

R̃m [k] = Ỹm [k] C̃∗
m [k] . (7)

By substituting Ỹm[k] and C̃m[k], we find that the down-
sampling relationship is preserved such that R̃m[k] = R[dk +

m − 1]. Let ri [τ ] = r [τ + (i − 1)L/d] denote the i th segment
of the full range profile. With this definition, the link between
R̃m[k] and the segmented range profiles can be written as

R̃m [k] =

L/d−1∑
τ=0

( d∑
i=1

ri [τ ]e
− j2π(dk+m−1)(i−1)

d

)
e

− j2π(dk+m−1)τ
L
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Fig. 4. Architecture of the adaptive FFT-based sliding block correlator with Doppler processing. Adaptation occurs across different frames, while
each frame involves a reduced size of FFT blocks in the correlator.

Fig. 5. Structure of sliding block FFT-based correlator.

=

L/d−1∑
τ=0

( d∑
i=1

ri [τ ]e
− j2π(m−1)(i−1)

d

)
e

− j2π(m−1)τ
L

︸ ︷︷ ︸
r̃m [τ ]

e
− j2πkτ

L/d .

(8)

5) Phase Compensation in the Frequency Domain: To incor-
porate a time-domain shift of 1 samples, a corresponding
linear phase shift is applied in the frequency domain.
Specifically, the segment-wise frequency-domain signal R̃m[k]

is modulated as follows:

R̃s
m [k] = R̃m [k] · e− j 2π(dk+m−1)1

L . (9)

This modulation corresponds to sampling from the globally
phase-compensated signal Rs

[k] = R[k] · e− j2πk1/L .
6) L/d-Point IFFTs: An L/d-point IFFT is applied to each

frequency-domain segment R̃s
m[k] to obtain the corresponding

time-domain sequence r̃ s
m[τ ], for τ ∈ {0, . . . , L/d − 1}

r̃ s
m [τ ] =

1
L/d

L/d−1∑
k=0

R̃s
m [k] e

j2πkτ
L/d

= e
− j2π(m−1)1

L
1

L/d

L/d−1∑
k=0

R̃m [k] e
j2πk(τ−1)

L/d

= e
− j2π(m−1)1

L r̃m [τ − 1] . (10)

Fig. 6. Reconstruction of the first shifted range segment r̂s1 for d = 4.

7) Reconstruction: Each shifted block range profile r̂ s
b for

b ∈ {1, 2, . . . , d} could be reconstructed independently by
combining the segmented components as follows:

r̂ s
b [τ ] =

1
d

d∑
m=1

r̃ s
m [τ ] e

j2π(m−1)τ
L e

j2π(b−1)(m−1)
d

=
1
d

d∑
m=1

r̃m [τ − 1] e
j2π(m−1)(τ−1)

L e
j2π(b−1)(m−1)

d

=
1
d

d∑
i=1

ri [τ − 1]

( d∑
m=1

e
− j2π(m−1)(i−b)

d

)
= rb [τ − 1] .

(11)

For clarity, Fig. 6 shows the reconstruction step for the case
d = 4, where the first shifted range segment r̂ s

1 is recovered
from the phase-shifted components R̃s

m .
In practice, we are only interested in a subset of blocks

defined as B = {b | b ∈ B}, where B ⊆ {1, . . . , d} is the set
of block indices and b denotes a block index. The cardinality
|B| denotes the number of selected blocks. A common optimal
time shift 1 is applied uniformly across all selected blocks.
This representation allows the algorithm to adaptively focus
computation on the most relevant blocks while ensuring proper
alignment within each selected segment.

In summary, the proposed formulation shows that the
adaptive sliding block correlator can directly generate the
correlation results for the desired range block without com-
puting the full correlation profile. This selective computation
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preserves the accuracy of the corresponding portion of the full-
length correlator in Fig. 2, and it also reduces computational
complexity as will be discussed later in Section IV-A.

B. Stepwise Framework for Adaptive Range–Doppler
Processing

Given a pre-specified block number d from the radar system
configuration, we now describe the stepwise framework for
adaptive range–Doppler processing. The selection of d is
driven by the goal of reducing computational complexity,
which will be illustrated in detail in Section IV-A.3. With the
chosen d , the framework proceeds as follows.

1) Multisource Range-Bin Selection: To reduce computa-
tional complexity while maintaining detection performance,
we adopt an adaptive range-bin selection strategy that operates
on the initial radar range profile and, when available, incorpo-
rates external sensor modalities (e.g., digital maps) to guide
block selection.

In our framework, the initial range profile is obtained from
the first fast-time duration using the same block-based correla-
tor with B = {1, . . . , d} and a fixed time shift 1 = 0, ensuring
that the hardware configuration remains consistent with the
subsequent adaptive processing. This setting produces a range
profile equivalent to that of the full-length frequency-domain
correlator shown in Fig. 2, but within the block correlator
structure, thereby avoiding the need to switch processing
modes. Based on this initial range profile, a noise-aware
thresholding algorithm—such as the constant false alarm rate
(CFAR)—is then applied to identify range bins that likely
contain target reflections. Similarly, digital map data can
provide contextual information about road structures—such as
T-junctions or bends, which helps selecting range bins that
contain relevant targets based on scene topology.

By integrating radar and digital map data, it enables
context-aware selection of relevant range bins, enhancing both
efficiency and situational awareness. The selected bins are
illustrated in red in Figs. 4 and 7.

2) Sliding Block Selection for Efficient Processing: Once
potential targets are detected, the algorithm determines two key
parameters for subsequent processing: the fractional delay 1

applied in the frequency domain to shift the block and
the subset of selected blocks B = {b | b ∈ B}, where
B ⊆ {1, . . . , d}. The value of 1 is chosen to minimize
the number of selected blocks |B| while ensuring that all
detected targets are fully contained within their respective
blocks with sufficient margins. This sliding block mechanism
enables precise target alignment while avoiding unnecessary
processing of irrelevant regions. Its advantages are illustrated
through two representative scenarios in Fig. 7, where a total
range of L = 1024 bins is partitioned into d = 4 equal blocks
of 256 bins.

a) Case 1: single target near block boundary: A target is
located at bin 253 within the first block (bin range [0, 255]).
In a nonsliding block approach, selecting block b = 1 risks
track loss if the target crosses the boundary. Using the sliding
block framework, the selection is represented as B = {1},
with 1 = 126 shifting the block such that the target remains
well within block 1, with sufficient margins. This adaptive

Fig. 7. Illustration of the benefits of incorporating the time-shift
parameter ∆ in the block selection process. Each figure shows three
rows: 1) target bins (red); 2) block selection without sliding; and 3) block
selection with optimal ∆. (a) Case 1. (b) Case 2.

alignment improves tracking robustness and highlights the
advantage of the proposed sliding block strategy.

b) Case 2: multiple nearby targets across blocks: In a more
complex scenario, two targets are detected at bins 250 and
261, which, although close in range, fall into separate blocks
using the standard fixed segmentation. Without a sliding
mechanism, B = {1, 2} should be chosen, increasing compu-
tational cost. Using the sliding block framework, we estimate
the average target position (approximately 255.5) and select
B = {1} with 1 = 127, which shifts the block such
that both targets are well-contained within block 1, with
sufficient margins. This adjustment reduces the number of
required blocks to a single block while maintaining detection
performance, thereby significantly lowering computational
complexity.

This adaptive strategy underscores the importance of jointly
optimizing target localization and block configuration. The
fractional delay 1 is selected to shift the block such that
all detected targets are fully contained within their respective
blocks with sufficient margins while minimizing the number of
selected blocks |B|. This approach reduces computational load
without compromising tracking performance. The flexibility
of 1 further enables dynamic adaptation to scene changes,
accommodating both target movement and clustering.

3) Reduced FFT-Based Block Correlator: Once the selection
of sliding blocks is done, a reduced sliding block correlator
is employed for the remaining M − 1 fast-time durations in
one frame. Given d blocks, optimal delay parameter 1, and
the identified set B = {b | b ∈ B}, the correlator reconstructs
only the corresponding range profiles r̂ s

b by combining the
segmented components r̃ s

m as given in (11).
Restricting processing to the selected blocks B sub-

stantially reduces computational complexity compared to
full-range correlation, particularly in sparse target scenarios
(see Section IV-A for a detailed complexity analysis).

4) Frame-by-Frame Adaptation: After each radar frame,
Doppler processing is performed on the selected blocks r̂ s

b
across all M fast-time durations using M-point FFTs. Unlike
conventional methods that require L instances of M-point
FFTs to cover the entire range, the proposed correlator pro-
cesses only the blocks in B, which remains fixed throughout a
frame. When a single sliding block is selected, the complexity
is reduced to L/d instances of M-point FFTs, significantly
improving efficiency.
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TABLE I
COMPLEXITY COMPARISON: FFT-BASED VERSUS ADAPTIVE BLOCK-BASED CORRELATORS

At the beginning of each new frame, the delay 1 and
the set B are reevaluated using the initial range profile and
external sensor inputs to account for environmental or target
changes. Given the short measurement interval (typically in the
order of tens of ms), target displacement is minimal, and the
use of the time-shift parameter 1 ensures that targets remain
well-contained within their respective blocks. This frame-by-
frame update maintains consistent target tracking and detection
while dynamically limiting processing to the most relevant
regions. As a result, the proposed method achieves substantial
computational savings without compromising performance.

IV. PERFORMANCE EVALUATION

In this section, we evaluate the performance of the proposed
adaptive sliding block-based FFT correlator in comparison
with the conventional full-range FFT-based correlator and
our previous method [23], with emphasis on both range
and Doppler processing. Section IV-A present a comparative
complexity analysis of the three approaches and derive the
optimal block number d for efficient processing. Subsequently,
simulation results are provided, including a comparison of the
resulting range–Doppler maps (RDMs) and their correspond-
ing processing times. Since Doppler processing complexity is
directly impacted by the correlation stage (see Section III-B.4),
it is included in the overall analysis.

A. Complexity Analysis
Consider an MIMO configuration with NT × NR antennas

and a slow time size M . The well-known computational
complexity of an N -point FFT [24] requires N/2 log N com-
plex multiplications and N log N complex additions. Each
complex multiplication consists of four real multiplications
and two real additions, while a complex addition involves
two real additions. We use the number of real additions and
multiplications as metrics for comparing the computational
costs of the baseline correlator methods with the proposed
method.

1) Complexity of Applying FFT-Based Correlator: As shown
in Fig. 2, range processing involves two L-point FFTs and
one L-point IFFT. Since the FFT of the transmitted codes can
be precomputed and stored, the computational complexity is
determined by three main operations: computing Y [k], per-
forming multiplication in the frequency domain, and applying
the IFFT. For Doppler processing in a single antenna system,
we need L times an M-point FFT. In an NT ×NR MIMO radar

configuration, the computational complexity for the range and
Doppler processing steps is detailed in Table I.

2) Complexity of the Adaptive FFT-Based Block Correla-
tor [23]: This method excludes the phase compensation step
defined in (9); all other processing stages are retained. Accord-
ing to (5), the block combination step requires approximately
d L complex multiplications and additions, with additional
(d − 1)L/d complex multiplications for phase alignment,
which simplifies to approximately L . The d block FFTs of
length L/d each require 2L log2(L/d) real multiplications and
3L log2(L/d) real additions. For the MIMO configuration, the
total complexity scales with the number of transmit anten-
nas NT , the number of receive antennas NR , and the number
of pulses M . Multiplication in the frequency domain requires
NT NR M L complex multiplications. The IFFT stage involves
d IFFTs of size L/d , leading to 2NT NR M L log2(L/d) real
multiplications and 3NT NR M L log2(L/d) real additions. The
final reconstruction step, based on (11), requires (d − 1)L/d
complex operations per block. For |B| relevant blocks, the total
computational cost is d(d−1)L/d complex multiplications and
additions for the first fast-time duration and |B|(d −1)L/d for
each of the remaining M − 1 durations, which can be approx-
imated as |B|L M complex multiplications and additions for
simplicity. For Doppler processing, only |B|L/d range bins are
retained, each requiring an M-point FFT, reducing complexity
significantly. A summary of the computational complexity is
provided in Table I.

3) Complexity of the Adaptive FFT-Based Sliding Block
Correlator: In addition to the operations in the adaptive block-
based correlator, the sliding block correlator includes the phase
compensation step defined in (9), which incurs an additional
NT NR(M − 1)L complex multiplications. For simplicity, this
is approximated as NT NR M L . The resulting number of real
multiplications and additions for all stages is summarized
in Table I.

The total computation of the adaptive sliding block corre-
lator can be expressed as a function of block number d and
the number of selected blocks |B|

f (d, |B|) = 5 (NR + NT NR) M L log2 (L/d)

+ 4 (3NT + 2NT |B| + 2d + 3/2) NR M L

+ 5NT NR |B|M
L
d

log2 M. (12)

As the positions of the regions of interest are unknown
a priori, joint optimization of d and |B| is not feasible.
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Fig. 8. Complexity comparison across different correlator configurations
and block sizes d. (a) Single block scenario (|B| = 1). (b) Sliding window
benefit scenario.

Instead, d should be selected based on radar configuration
and kept fixed, while |B| adapts dynamically to the determined
target distribution. To determine the optimal block number d∗,
we consider the idealized case where all detected targets fall
within a single block (i.e., |B| = 1) and minimize f (d, 1)

with respect to d. Differentiating f (d, 1) and setting the
derivative to zero yields a quadratic equation in d , whose larger
root provides the practical solution. Thus, the optimal block
number is given by

d∗
=

5NT + 5
16 ln 2

+

√
(5NT + 5)2

+ 160NT ln 2 log2 M

16 ln 2
. (13)

In practice, d∗ is rounded to the nearest integer that divides
the total number of range bins L , ensuring valid FFT
segmentation.

4) Complexity Comparison: We now assess the compu-
tational complexity of the fixed and adaptive correlators
in terms of operations shown in Table I. For evaluation,
we consider a 4 × 4 MIMO configuration and slow time
size of M = 2048. The complexity is analyzed using a Gold
sequence of length 2047. Since FFT operations require zero
padding to the nearest power of two, we set L = 2048. Under
this configuration and the assumption of a single relevant
block (|B| = 1), the optimal block number d∗ is analytically
determined to be approximately 8.

Fig. 8(a) presents the complexity trends when both the
block-based and sliding block correlators operate with
|B| = 1. Both adaptive methods significantly reduce com-
putational cost compared to the conventional full-range
frequency-domain correlator across different block sizes d.
The lowest complexity for both occurs at d = 8, aligning with
the analytically derived optimal d∗. At this point, the block-
based correlator achieves approximately a 32% reduction in
complexity, while the sliding block correlator achieves a 27%
reduction due to the additional cost of frequency-domain phase
compensation. Although slightly higher, this remains more
efficient than the full-range method.

Fig. 8(b) demonstrates the advantage of the sliding window
in scenarios like Case 2 [illustrated in Fig. 7(b)], where
it enables a reduction in the number of required blocks:
|B| = 2 for the block correlator and |B| = 1 for the sliding
block correlator. The results show that the sliding block corre-
lator now outperforms the block correlator in total complexity
due to fewer reconstructed blocks.

Fig. 9. Initial range profile and RDMs for Scenario 1. (a) Initial range
profile. (b) RDM with full FFT-based correlator. (c) RDM with adaptive
FFT-based block correlator. (d) RDM with adaptive FFT-based sliding
block correlator.

B. Simulation Results
We retain the same configuration as in the complexity

analysis: a 4 × 4 MIMO radar with a slow time size of
M = 2048, using a Gold sequence of length 2047. All simu-
lations include additive thermal noise with a power spectral
density of −177 dBm/Hz and are conducted with a block
number of d = 8.

1) Scenario 1: Two-Target Case: In this scenario, two tar-
gets are considered: a car with radar cross section (RCS)
of 10 dBsm located at 20 m and 10◦, moving at 20 m/s; and
a truck with an RCS of 25 dBsm located at 50 m and −5◦,
moving at 30 m/s. From the initial range profile [Fig. 9(a)],
the relevant range bins are identified at 135 and 335.

Using a fixed-block correlator, these targets fall into two
separate blocks, B = {1, 2}, as shown in Fig. 9(c). In contrast,
the adaptive sliding block correlator leverages target clustering
and selects B = {1} with 1 = 107, shifting block 1 that both
detections are fully contained within a single block with suf-
ficient margins. The resulting RDM is presented in Fig. 9(d).

Fig. 9 shows that both adaptive correlators preserve the
target peaks and maintain the same noise floor, resulting
in comparable signal-to-noise ratio (SNR) and detection
performance. In terms of runtime, the full FFT-based corre-
lator requires 14.29 s, whereas the adaptive block correlator
with |B| = 2 reduces this to 8.22 s. The sliding block
correlator, though slightly more costly due to frequency-
domain phase compensation, achieves a runtime of 6.79 s
by reducing the block count to |B| = 1, outperforming the
adaptive block approach. These results align with the com-
plexity trends in Fig. 8(b), where the additional cost of phase
compensation is outweighed by the computational savings
from processing fewer blocks. Although these simulations
are performed in MATLAB and do not reflect hardware
execution, the reductions in processing time are indicative
of potential efficiency gains achievable in real-time embedded
implementations.
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Fig. 10. Initial range profile and RDMs for Scenario 2. (a) Initial range
profile. (b) RDM with full FFT-based correlator. (c) RDM with adaptive
FFT-based block correlator. (d) RDM with adaptive FFT-based sliding
block correlator.

2) Scenario 2: Single Target Near Block Edge: In this sce-
nario, a single target is considered: an object with an RCS
of 20 dBsm located at 38.22 m and 0◦, a relative veloc-
ity of 50 m/s. From the initial range profile [Fig. 10(a)],
the detected target appears at range bin 256, which lies at
the boundary of block 1. Using a fixed-block correlator, the
selection is B = {1}, and the corresponding RDM is shown
in Fig. 10(c). However, due to the target’s motion during the
frame, the target peak does not appear in the RDM, leading
to potential track loss. In contrast, the adaptive sliding block
correlator selects B = {1} with a 1 = 127, shifting the block
to ensure the target remains within the processed region. The
resulting RDM, shown in Fig. 10(d), successfully captures the
target.

Fig. 10 shows that both adaptive correlators preserve target
peaks and noise levels, ensuring similar SNR and detection.
In terms of runtime, the full correlator requires 15.532 s,
whereas the adaptive block correlator reduces this to 6.00 s.
The sliding block correlator, though slightly more costly due
to frequency-domain phase compensation, achieves a runtime
of 6.53 s, still significantly faster than the full correlator. These
results are consistent with the complexity trends in Fig. 8(a),
where the additional cost of phase compensation offsets some
of the gains when |B| is identical across methods.

3) Scenario 3: Dense Multiple Targets: In this scenario,
a dense environment is considered with multiple objects of
different types distributed across the range–Doppler plane.
This scenario represents a complex traffic setting with closely
spaced targets and a mix of RCS values. Fig. 11(a) illustrates
the distribution of these targets in range and velocity, with
their RCS values shown in different colors.

From the initial range profile [Fig. 11(b)], target candidates
are within blocks B = {1, 2}. We reconstruct these blocks with
a common shift 1 = 10 to maintain margins. The resulting
runtime is 8.14 s, which remains substantially lower than that
of the full FFT correlator (13.54 s). A comparison between
the adaptive sliding RDMs [Fig. 11(d)] and the full-FFT RDM

Fig. 11. Dense multitarget scenario. (a) Target distribution. (b) Initial
range profile. (c) RDM with full FFT-based correlator. (d) RDM with
adaptive FFT-based sliding block correlator.

[Fig. 11(c)] confirms that target peaks and the noise floor are
preserved, thereby maintaining detection performance.

In summary, the first two scenarios demonstrate the benefits
of sliding by consolidating two fixed blocks into a single
processed block—thereby eliminating redundant computation,
and by preventing track loss for fast targets near block
boundaries. The third scenario showcases the robustness of
the proposed method in dense, multitarget driving scenarios.

V. CONCLUSION

This work proposed a sliding block-based FFT correlator
for PMCW radar systems, aimed at reducing computational
complexity while maintaining detection performance. Building
on our prior work [23], the proposed method introduces a
time-shift parameter 1 to adaptively align processing blocks
with target positions, reducing boundary effects and the num-
ber of blocks required. Range-bin selection may be done
by integrating external sensor inputs or by using an initial
range profile of one pulse. Finally, we derive the optimal
block size d∗ through analytical complexity minimization.
Simulation results confirm that the proposed method pre-
serves SNR and improves runtime efficiency compared to
both conventional and fixed-block-based adaptive correlators.
In a future step, the proposed complexity gains should be
validated on FPGAs/ASICs for real-time automotive PMCW
radar processing as done in [25] and [26].

Future work could explore integrating the proposed corre-
lation methods with mismatched filters. Mismatched filters,
which are designed to reduce the integrated sidelobe level
and increase the peak-to-sidelobe ratio, offer an alternative
approach to enhancing detection performance in challeng-
ing target environments [27], [28], [29]. By incorporating
mismatched filter designs into the proposed adaptive block-
based framework, effective means of mitigating sidelobe and
improving dynamic range at low complexity can become
possible.

Another future direction is the application of the proposed
method to the few/mixed-bit ADC PMCW systems considered
in [30] and [31].
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