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Abstract
High-rate delay and motion estimation is important
for maneuvering underwater platforms using direct-
sequence spread-spectrum signals. Conventional
frame- or symbol-level estimators provide limited tem-
poral resolution, while direct differentiation of noisy
delay measurements amplifies velocity-estimation er-
rors. This paper proposes an adaptive delay-Doppler
tracking method based on chip-level DSSS correla-
tion observations. Sliding correlation and three-point
interpolation are used to obtain sub-sample delay mea-
surements. A coarse frame-level Doppler estimate is
first obtained from the synchronization signal, and the
residual Doppler variation is then extracted from the
phase differences between consecutive complex corre-
lation peaks after removing the BPSK data-dependent
phase. A constant-acceleration Kalman tracker is then
developed to jointly estimate propagation delay, radial
velocity, and acceleration. Its measurement covari-
ance is adaptively adjusted according to the peak-to-
sidelobe ratio and local peak curvature. Simulations
show that the proposed method reduces the delay
and velocity RMSE compared with a fixed-covariance
Kalman filter. Results from a Songhua Lake experi-
ment further demonstrate that the estimated radial
velocity is consistent with the GPS-derived reference.
The proposed method enables DSSS communication
waveforms to provide high-update-rate motion esti-
mates without an additional acoustic ranging signal.

Keywords: underwater acoustic communication, direct-
sequence spread spectrum, delay tracking, Doppler estima-
tion, adaptive Kalman filtering, maneuvering platform.

1. Introduction
Underwater acoustic communication systems deployed
on autonomous underwater vehicles and mobile obser-
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vation platforms are strongly affected by relative mo-
tion. Underwater acoustic channels are characterized
by limited bandwidth, severe multipath propagation,
and significant temporal variability [1]. Because of
the low propagation speed of sound, platform motion
introduces not only carrier-frequency shifts but also
time scaling and continuously varying propagation
delays. These effects are particularly significant for
long-frame direct-sequence spread-spectrum (DSSS)
signals [2].
DSSS waveforms have favorable correlation properties
and can provide propagation-delay measurements in
addition to communication capability. Conventional
receivers generally estimate Doppler parameters from
a synchronization sequence and compensate for the
Doppler scaling over an entire signal frame [3]. Al-
though such methods are computationally efficient,
they may be insufficient when the platform velocity
changes significantly within one frame.
Model-based approaches have been developed to track
time-varying Doppler parameters. Kalman filter-
ing has been applied to spread-spectrum underwater
acoustic systems to track symbol-level Doppler vari-
ations [4]. Per-survivor processing jointly estimates
the transmitted symbols and channel parameters [5].
Iterative DSSS receivers have also been developed for
channels with time-varying Doppler shifts [6]. In addi-
tion, line-of-sight peak detection and tracking can im-
prove the stability of DSSS reception in doubly spread
channels [7]. However, most existing methods update
the motion parameters once per frame or spreading
symbol. Moreover, the reliability of successive cor-
relation peaks varies with noise, Doppler mismatch,
and multipath interference, but this variation is rarely
incorporated into the measurement covariance. There-
fore, generating dense intra-frame observations and
incorporating their time-varying reliability into mo-
tion tracking remain insufficiently investigated for
maneuvering DSSS systems.
Our previous work focused on time-varying waveform
reconstruction, amplitude-phase information utiliza-
tion, and communication-performance improvement
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[8]. In contrast, this paper concentrates on high-rate
motion estimation from chip-level DSSS correlation
observations.
The main contributions are summarized as follows:

1. Chip-level delay observations and phase-based
Doppler observations are jointly extracted from
complex DSSS correlation peaks.

2. A peak-quality-aware Kalman tracker is de-
veloped by empirically mapping the peak-to-
sidelobe ratio and local curvature to an adaptive
measurement covariance.

2. Proposed Method
2.1. Signal and delay observation
The transmitted complex baseband DSSS signal is
expressed as

x(t) =
Ns−1∑
m=0

bm

L−1∑
l=0

clg (t−mTs − lTc) , (1)

where bm denotes the modulated symbol, cl is the
spreading code, Tc is the chip interval, L is the
spreading-code length, and Ts = LTc is the spreading-
symbol interval. After coarse synchronization and
Doppler compensation, the locally extracted domi-
nant path is modeled as

y(t) = α(t)x (t− τ(t)) exp
[
j2π

∫ t

0
fD(ξ) dξ

]
+ w(t),

(2)
where τ(t) and fD(t) denote the time-varying propaga-
tion delay and residual Doppler frequency, respectively.
A sliding correlation is performed as

Ck(`) =
Nw−1∑
n=0

y[n+ kD] s∗k[n− `], (3)

where Nw is the correlation-window length, D is the
observation step in samples, and sk[n] is the local
reference signal. The correlation window contains
one complete spreading symbol and is shifted by one
chip interval between consecutive observations. There-
fore, adjacent observations are temporally correlated
because their correlation windows overlap. The ob-
servation interval is ∆T = D/fs. The integer peak
position is

ˆ̀
k = arg max

`∈Ωk

|Ck(`)| , (4)

where Ωk is a local delay-search interval centered
at the predicted dominant-path delay. Three-point
parabolic interpolation is used to obtain the fractional
peak offset

δk = 1
2

r−1 − r+1

r−1 − 2r0 + r+1
, (5)

where
r−1 =

∣∣∣Ck (ˆ̀
k − 1

)∣∣∣ ,
r0 =

∣∣∣Ck (ˆ̀
k

)∣∣∣ ,
r+1 =

∣∣∣Ck (ˆ̀
k + 1

)∣∣∣ .
(6)

The sub-sample delay observation is therefore

τ̂k =
ˆ̀
k + δk
fs

. (7)

2.2. Phase-based Doppler observation
The complex correlation peak at the interpolated po-
sition is written as

pk = Ck

(
ˆ̀
k + δk

)
= Ak exp (jφk) . (8)

For BPSK modulation, the square operation removes
the data-dependent phase ambiguity because b2k = 1.
The residual Doppler observation is then calculated
as

f̂D,k = 1
4π∆T ∠

[
p2
k

(
p∗k−1

)2]
, (9)

where coarse Doppler compensation is performed be-
forehand so that the residual Doppler satisfies the
unambiguous condition

|fD| <
1

4∆T . (10)

Positive radial velocity is defined as increasing
transmitter–receiver range. The corresponding ve-
locity observation is

v̂D,k = − c

fc
f̂D,k, (11)

where c is the sound speed and fc is the carrier fre-
quency. The delay measurement provides a stable
range-related observation, whereas the Doppler mea-
surement is more sensitive to rapid velocity changes.

2.3. Adaptive Kalman tracking
The state vector is defined as

xk =
[
τk vk ak

]T
. (12)

The state-space formulation follows the classical
Kalman-filtering and target-tracking framework [9],
[10]. Using a constant-acceleration model,

xk+1 = Fxk + wk, (13)

with

F =

1 ∆T
c

∆T 2

2c
0 1 ∆T
0 0 1

 . (14)

The unmodeled variation of acceleration is repre-
sented by a piecewise-constant jerk process. Let
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jk ∼ N (0, σ2
j ) and

wk = Gjk, G =


∆T 3

6c
∆T 2

2
∆T

 . (15)

The process-noise covariance is

Q = E
[
wkwT

k

]
= σ2

jGGT. (16)

The observation model is

zk =
[
τ̂k
f̂D,k

]
= Hxk + nk, (17)

where

H =
[1 0 0

0 −fc
c

0

]
. (18)

To describe the reliability of the correlation peak, the
peak-to-sidelobe ratio is defined as

PSRk =

∣∣∣Ck (ˆ̀
k

)∣∣∣√
1
NΩ

∑
`∈Ω̄k

|Ck(`)|2 + ε

, (19)

where Ω̄k is the sidelobe region after excluding a guard
interval around the dominant peak, and NΩ is the
number of samples in this region. The normalized
peak curvature is

κk = 2r0 − r−1 − r+1

r0 + ε
. (20)

Because κk may become non-positive when the peak
is strongly distorted, the effective delay- and Doppler-
quality factors are defined as

qτ,k = max [PSRk max(κk, 0), qmin] , (21)

and
qf,k = max

[√
PSRkPSRk−1, qmin

]
. (22)

The adaptive measurement variances are

σ2
τ,k = clip

(
βτ
qτ,k

, σ2
τ,min, σ

2
τ,max

)
, (23)

and
σ2
f,k = clip

(
βf
qf,k

, σ2
f,min, σ

2
f,max

)
, (24)

where clip(x, xmin, xmax) = min[max(x, xmin), xmax].
The measurement covariance is finally given by

Rk = diag
(
σ2
τ,k, σ

2
f,k

)
. (25)

The filter is initialized as

x̂0|0 =
[
τ̂1 − c

fc
f̂D,1 0

]T
, (26)

with

P0|0 = diag
[
σ2
τ,1,

(
c

fc

)2
σ2
f,1, σ

2
a,0

]
. (27)

When the correlation peak is sharp and clearly sepa-
rated from the sidelobes, the quality factors increase,
resulting in smaller measurement variances. The filter
consequently assigns a larger weight to the observa-
tions. When the peak is weak, broadened, or distorted,
the measurement variances increase and the filter re-
lies more strongly on the state prediction.
For a fair comparison, the fixed-covariance Kalman
filter uses the same state model, process covariance, ini-
tialization, and observations as the proposed method.
Its measurement covariance is fixed using the median
values obtained from a calibration dataset:

Rfixed = diag
[
mediank

(
σ2
τ,k

)
,mediank

(
σ2
f,k

)]
.

(28)

Figure 1: Processing flow of the proposed adaptive delay–
Doppler tracking method.

3. Simulation Results
The simulated acoustic waveform uses the same carrier
frequency, bandwidth, spreading sequence, modula-
tion, and frame duration as the Songhua Lake exper-
iment. A higher sampling frequency is used in the
simulation to support sub-sample interpolation. The
principal parameters are listed in Table 1.

Table 1: Simulation parameters.
Parameter Value
Carrier frequency fc 25 kHz
Bandwidth B 5 kHz
Simulation sampling frequency fs 400 kHz
Chip interval Tc 0.2 ms
Spreading sequence Kasami
Code length L 255
Modulation BPSK
Frame duration 10 s
Observation step One chip
Sound speed c 1500 m/s
Monte Carlo trials 500

The fixed-covariance Kalman filter and the proposed
adaptive delay–Doppler Kalman filter are compared
under identical signal, noise, state-model, and initial-
ization conditions.
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3.1. Validation under Idealized Dynamic Con-
ditions

Two motion scenarios are first considered: a constant-
velocity condition with v = 10 m/s and a constant-
acceleration condition with v0 = 0 m/s and a =
3 m/s2. The first 2500 chip-level observations are
used to illustrate the transient tracking performance.
The delay and velocity estimates converge after ap-
proximately 300-500 chip observations. The remaining
delay fluctuation is approximately 0.04 µs. Under the
constant-acceleration condition, the absolute velocity-
estimation error decreases to approximately 0.001 m/s
after about 500 chip observations. These values are
used only to verify the state model under ideal con-
ditions and should not be interpreted as practical
accuracy in a multipath lake channel.

3.2. Estimation Performance under Varying
SNR Conditions

Additive white Gaussian noise is added, and the input
SNR varies from −15 to 5 dB. For each SNR, 500
independent Monte Carlo trials are conducted. The
evaluation metrics are

RMSEτ =

√√√√ 1
K

K∑
k=1

(τ̂k − τk)2
, (29)

and

RMSEv =

√√√√ 1
K

K∑
k=1

(v̂k − vk)2
. (30)

The fixed-covariance Kalman filter provides smooth
estimates but cannot adapt its measurement weighting
when the correlation-peak quality changes. In con-
trast, the proposed method increases the observation
covariance for weak or distorted peaks and decreases
it for reliable peaks. As shown in Fig. 3, the proposed
method achieves a lower velocity RMSE over the inves-
tigated SNR range, particularly after the correlation
peak becomes reliably detectable. The pronounced
transition in the RMSE curve reflects the acquisition
threshold of the chip-level correlation observations.

4. Lake Experiment and Results
A lake experiment was conducted on October 24, 2021,
in Songhua Lake, Jilin City, China. Two vessels were
used, with one vessel drifting freely and the other
navigating continuously. The transmitting and re-
ceiving transducers were both deployed at a depth
of approximately 1.8 m. A continuously transmitted
Kasami-coded DSSS waveform was employed, with a
carrier frequency of 25 kHz, a bandwidth of 5 kHz,
and a frame duration of 10 s.
Figure 4 presents the delay–time correlation map of
the continuously received DSSS signals. A domi-
nant path with a continuously varying delay is vis-
ible throughout the observation interval, together
with weaker time-varying multipath components. The
curved dominant-path trajectory indicates substantial

variation of the propagation delay caused by the rela-
tive motion between the two vessels. The measured
channel therefore provides a representative dynamic
environment for evaluating the proposed tracker.
The chip-level observations are then processed using
the proposed method. Figure 5 compares the esti-
mated radial velocity with the GPS-derived reference.
The GPS positions of both vessels are converted into
the relative radial velocity along the instantaneous
transmitter–receiver line of sight and interpolated to
the acoustic observation time stamps. The proposed
method follows the overall increase and subsequent
decrease of the relative radial velocity over the com-
plete observation interval. The enlarged interval also
shows that the acoustic estimate reproduces short-
term velocity variations. The remaining differences
may arise from acoustic measurement noise, imperfect
time alignment, and the different update rates of the
acoustic and GPS measurements.
To assess the noise robustness using measured data,
additive white Gaussian noise is added to the lake-trial
waveform to generate different input SNRs. The delay
trajectory extracted from the original unperturbed
waveform is used as a common reference for both
methods. Figure 6 compares the delay-estimation
RMSE of the fixed-covariance Kalman filter and the
proposed method. The adaptive method achieves a
lower RMSE over the investigated SNR range because
it reduces the contribution of weak or distorted cor-
relation peaks. As the input SNR increases, both
methods approach their interpolation and sampling
error floors, while the proposed method maintains the
lower error floor.

5. Conclusion
This paper proposed an adaptive delay–Doppler track-
ing method based on chip-level DSSS correlation ob-
servations. Sub-sample delay measurements were ob-
tained using sliding correlation and three-point inter-
polation, while residual Doppler was extracted from
the phase evolution of consecutive complex correlation
peaks. A peak-quality-aware measurement covariance
was introduced into a constant-acceleration Kalman
tracker to jointly estimate delay, radial velocity, and
acceleration.
The simulations used the same 25 kHz carrier fre-
quency and 5 kHz bandwidth as the Songhua Lake
experiment. The proposed method achieved lower
delay- and velocity-estimation RMSE than the fixed-
covariance Kalman filter. The lake-trial results further
showed that the estimated radial velocity followed the
GPS-derived reference in a time-varying multipath
channel. These results indicate that DSSS communi-
cation signals can provide high-rate motion measure-
ments without an additional ranging waveform.
Future work will address the temporal correlation be-
tween overlapping chip-level observations, multipath-
induced peak switching, and sea-trial validation under
lower-SNR and intermittent direct-path conditions.
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Figure 2: Tracking performance under the constant-acceleration condition: (a) measured, theoretical, and Kalman-filtered
delays; (b) velocity- and acceleration-estimation errors.

Figure 3: Velocity-estimation RMSE versus input SNR.
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