
Academic Editor: Jian Kang

Received: 9 January 2026

Revised: 19 March 2026

Accepted: 23 March 2026

Published: 25 March 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

Underwater Target Recognition with Fusion of Multi-Domain
Temporal Features
Xiaochun Liu 1 , Chenyu Wang 1, Yunchuan Yang 1,*, Xiangfeng Yang 1, Youfeng Hu 1 and Jianguo Liu 2

1 Xi’an Precision Machinery Research Institute, Xi’an 710077, China; xiaochunliu@mail.nwpu.edu.cn (X.L.)
2 School of Marine Science and Technology, Northwestern Polytechnical University, Xi’an 710072, China;

liujianguo@nwpu.edu.cn
* Correspondence: yunchuanyang@163.com

Abstract

The dynamic nature of acoustic environments—particularly the fluctuation of underwater
channels and time-varying target observation angles—poses significant challenges for
active sonar target recognition, a problem further aggravated by the scarcity of labeled
training samples. To address these limitations, this paper proposes a novel recognition
method enabling deep fusion of multi-domain temporal features extracted from target
echoes. First, complementary features are extracted across spatial, time–frequency, and
Doppler domains to achieve a comprehensive and discriminative representation of targets.
Subsequently, we introduce a feature vector-level fusion mechanism designed specifically
for few-shot learning, integrating a meta-knowledge-driven multi-stream feature extractor
with an internal memory module within the feature tensor framework. This architecture
constitutes the Multi-domain Temporal Feature Fusion Recognition Network (MTFF-RNet).
The proposed approach is evaluated on a hybrid dataset combining simulated and ex-
perimental data, achieving a high recognition accuracy of 96.2% for both targets and
interferents. Experimental results demonstrate that MTFF-RNet significantly enhances
robustness and adaptability under varying underwater acoustic conditions and dynamic
viewing geometries.

Keywords: underwater target recognition; feature information fusion; active sonar;
temporal feature

1. Introduction
Active sonar target recognition (ASTR) plays a crucial role in marine information acqui-

sition, with broad applications in underwater surveillance, navigation, and environmental
monitoring [1–4]. However, the underwater acoustic channel exhibits pronounced time-
varying and space-varying characteristics due to the complex interplay of multiple factors,
including sound speed gradients, boundary reflections, ambient noise, and anthropogenic
interference [5,6]. Moreover, underwater targets—particularly mobile ones—typically pos-
sess streamlined geometries, leading to aspect-dependent scattering behaviors that further
complicate recognition tasks [7]. Consequently, channel-induced signal fluctuations and
continuous variations in target aspect angles represent two major sources of uncertainty
that significantly degrade ASTR performance.

To address these issues, conventional methods have employed multi-parameter joint
estimation to enhance algorithmic robustness [8,9]. In recent years, deep learning has
emerged as a promising alternative, offering powerful feature representation capabilities
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for ASTR. However, practical deployment remains hindered by the scarcity of labeled
training data, which stems from the high cost of data collection, the diversity of target
types and interference sources, and the inherent variability of underwater environments.
As a result, the few-shot learning problem has become a critical bottleneck in developing
reliable ASTR systems. To mitigate this limitation, recent efforts focusing on few-shot
learning strategies combined with multi-feature fusion frameworks have demonstrated
notable progress.

A feedforward neural network utilizing power spectrum statistics, LPC coefficients,
and AR coefficients achieved over 90% classification accuracy on a six-class target dataset
collected in a controlled pool environment [10]. To distinguish real targets from clutter,
a CNN-based approach employing fused azimuth-time spectra and spectrograms was
validated using sea trial data, confirming its practical applicability [11]. Another fusion
method integrating MFCC, spectrograms, WVD, CWT, and spatial spectra through the
RS-LFMD convolutional network attained an 87% accuracy rate in identifying targets
embedded in oceanic clutter [12,13]. Further improvements were achieved by LTFSD-Net
and an attention-enhanced convolutional network, which jointly exploited time-domain
waveforms, Mel spectra, spectrograms, and CWT spectra to classify three types of un-
derwater targets, yielding an accuracy of 84.36% on static test datasets from the South
China Sea [14,15]. An enhanced ConvNeXt-V2 architecture, termed ConvNeXt-DCA, fused
spectrograms, SPWVD, and CWT features extracted from left, middle, and right subarray
echoes for three-target classification, achieving a 92.1% accuracy rate validated on both
anechoic pool and static sea trial data [16]. The physical-informed Bayesian graph multi-
modal recognition method (PBGMR) integrated three complementary modalities—Fourier
synchronous compressive transform (FSST), beam–time–distance (BTR), and tensor fea-
tures from ConvNeXt-V2—reaching 92.31% accuracy on a four-target North Sea dataset
comprising pipes, cylinders, spheres, and UUVs [17]. Moreover, a meta-learning-based
framework designed domain-specific feature extraction networks according to spectral
characteristics across spatial, time–frequency, and Doppler domains. This approach enabled
synergistic integration of multi-domain information, and validation—including through
ablation studies—on experimental data demonstrated improved perspective adaptability
of the recognition algorithm [18].

By leveraging complementary multi-domain features, these aforementioned ap-
proaches have effectively enhanced the adaptability and robustness of target recognition
algorithms to variations in underwater acoustic channels and target perspectives. Never-
theless, they are primarily limited to fusing multi-domain features extracted from a single
burst of target echoes. Under conditions of significant channel fluctuations or large target
aspect angle changes, echo signals may become unstable, leading to a notable decline in
recognition performance based on single-burst features. In such scenarios, the decision-
level integration of recognition results across multiple bursts becomes essential to improve
the overall classification accuracy.

To address this limitation, the MotionSqueeze module and a ConvNeXt v2 classifier
have been introduced to capture temporal variations in spectrograms between consecutive
frames of effective echoes. The experimental results demonstrate that this method out-
performs single-frame echo-based approaches in recognition performance [19]. Similarly,
in [20], a pulse train consisting of 1 to 50 broadband encoded clicks is employed to collect
target echoes, and a convolutional neural network is applied to classify spectral peaks and
troughs. The results show that using 50 pulses achieves optimal performance in both detec-
tion and classification. These studies collectively demonstrate that exploiting multi-burst
echo information helps mitigate the adverse effects of dynamic acoustic environments—
such as channel instability and viewpoint variation—on recognition robustness. However,
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due to the inherent diversity of underwater targets, varying observation angles, and the
time- and space-varying nature of underwater acoustic channels, relying solely on a single
type of feature remains insufficient for robust recognition in practical applications [18].

This study aims to overcome the limitations and application constraints of existing
multi-domain feature fusion and time-series-based single feature recognition algorithms,
with a specific focus on enhancing active sonar target recognition performance under
challenging conditions characterized by fluctuating underwater acoustic channels and
dynamically varying target observation angles. To this end, we extracted multi-domain
features from continuous multi-burst scattering echoes of targets, investigated effective
fusion strategies for multi-domain temporal features, and developed a novel active sonar
target recognition method based on multi-domain temporal feature fusion. The main
contributions of this work are summarized as follows:

1. We extracted time series features of underwater target scattering in the spatial, time–
frequency, and Doppler domains. These three complementary feature representations
capture distinct physical characteristics of the target response, thereby providing
enhanced discriminative capability. By systematically analyzing fusion strategies
for multi-domain temporal features, we propose a feature vector-level (or mid-level)
multi-domain temporal feature fusion mechanism specifically designed for few-shot
learning scenarios.

2. We designed a meta-knowledge-driven multi-stream feature extraction network and
introduced an internal memory module for multi-domain feature tensors, leading
to the construction of a Multi-domain Temporal Fusion Network (MTFF-Net). This
architecture enables the effective fusion of multi-domain temporal features through
a pipelined processing framework, facilitating both real-time implementation and
practical engineering deployment.

3. We established a comprehensive time series dataset using both simulation-generated
signals and experimental data to evaluate the proposed method. The experimental
results demonstrate a recognition accuracy of 96.25% for real targets and multi-source
interferences, validating the robustness of the proposed approach. The results confirm
that the proposed method significantly improves target recognition performance in
complex environments involving channel fluctuations (e.g., interface reverberation,
low signal-to-noise ratio) and time-varying target perspective.

The remainder of this paper is organized as follows: Section 2 details the technical
framework of the proposed multi-domain temporal feature-based active sonar target recog-
nition method. Section 3 presents and discusses the experimental results. Finally, Section 4
concludes the paper with a summary of the key findings and potential future directions.

2. Methods
This paper proposes a multi-domain temporal feature fusion method for underwater

moving target recognition and constructs a multi-domain feature extractor along with
a Multi-domain Temporal Feature Fusion Recognition Network (MTFF-RNet), thereby
enhancing the environmental adaptability of active sonar target recognition, as illustrated
in Figure 1. The proposed method extracts spatial-domain D3SF features, time–frequency-
domain EPWVD features, and Doppler-domain DFSD features from the raw data of array
elements and conventional beamforming data [21]. After evaluating four different ap-
proaches to multi-domain temporal feature fusion, the feature vector-level fusion strategy
was selected to address the challenges posed by limited and imbalanced training samples.
Three domain-specific classification networks were independently developed and trained
to yield dedicated feature extractors for each domain. An internal memory module is intro-
duced to store and manage multi-burst effective echo features—specifically, spatial-domain
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(Fs), time–frequency-domain (Ft f ), and Doppler-domain (Fd) feature vectors—over time.
Leveraging these pre-trained feature extractors, MTFF-RNet integrates a three-dimensional
convolutional layer (Conv3D1) and a linear classification layer (Linear1). Conv3D1 and
Linear1 are subsequently trained on a multi-domain temporal dataset to form the final
inference network. The Conv3D layer captures high-dimensional spatiotemporal–statistical
characteristics across domains and time steps, which are then fed into the linear classifier
for final decision making. As a result, the proposed framework significantly improves the
robustness of target recognition under challenging conditions such as underwater channel
fluctuations and variations in relative motion perspective.

Figure 1. Schematic diagram of target recognition via multi-domain temporal features.

2.1. Extraction of Multi-Dimensional Features

The multi-domain feature extraction methods for underwater targets primarily encom-
pass spatial spectrum estimation, time–frequency analysis, and auditory features [12,13].
Our research team has conducted an in-depth simulation analysis of the representational
capabilities of spatial spectrum estimation and time–frequency analysis features, from the
perspective of the coupled physical processes underlying target scattering and underwater
feature extraction [22]. By comprehensively considering the homogeneity and complemen-
tarity among multi-domain features, we propose a method to extract target characteristics
separately in the spatial, time–frequency, and Doppler domains. These features collec-
tively capture distinct aspects of the target—such as its geometric contour, echo intensity
distribution, and dynamic state—from complementary domain-specific perspectives.

In the spatial domain, a three-dimensional spatial feature (D3SF) is formulated by
integrating the generalized MUSIC algorithm [23] with the range dimension, as defined in
Equations (1) and (2).

P(θ, ψ) = arg min
θ,ψ

λmin

(
Re

[
ΦH(θ, ψ)ÛNÛH

NΦ(θ, ψ)
])

(1)

D3SF(θ, ψ, M) = {P(θ, ψ, m)}+M
m=−M, m ∈ Z+ (2)

where, λmin(·) denotes the minimum eigenvalue of a matrix, and Φ(θ, ψ) is a diagonal
matrix constructed from the sonar array steering vector a(θ, ψ). Here, ÛN represents
the estimated noise subspace. When m = 0, the slice corresponds to the range bin with
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maximum energy; m < 0 indicates a closer range slice, while m > 0 indicates a farther
one. The total number of spatial spectrum slices used is 2M + 1, with M = 1 in this
study. Equation (2) characterizes the energy distribution of target scattering across azimuth,
pitch angle, and range dimensions. Figure 2 presents the D3SF spatial spectra of multi-
source interference (MSI) and volume targets, acquired using a linear frequency-modulated
(LFM) signal with a duration of 65 ms and a starting frequency of 30 kHz, under varying
observation angles and signal-to-noise ratio (SNR) conditions. Owing to the shielding effect
inherent in volume targets, the D3SF spatial spectrum achieves superior target resolution
compared to conventional spatial spectra.

Figure 2. D3SF spatial spectrum of MSI and volume targets. The x- and y-axes are labeled in degrees,
and the z-axis denotes frame index. (a–c) illustrate the D3SF spectra of MSI at an SNR of 12 dB
for azimuth angles of 5°, 45°, and 85°, respectively. (d–f) present the corresponding MSI results at
a reduced SNR of 3 dB under identical azimuth configurations. Similarly, (g–i) display the D3SF
spectra of volume targets at 12 dB SNR with the same set of azimuth angles, while (j–l) show the
analogous results for volume targets at 3 dB SNR.

In the time–frequency domain, the enhanced pseudo Wigner–Ville distribution
(EPWVD), which is derived from the pseudo Wigner–Ville distribution (PWVD) [24],
is employed as defined in Equations (3) and (4) [18].

PWVD(t, f ) =
∫ ∞

−∞
x(t +

τ

2
)x∗(t − τ

2
)h(τ)e−j2π f τdτ

= WVD(t, f ) ∗ H( f )
(3)

EPWVD(t, f ) = PWVD(t, f ) ∗ δ(r(t, f )) ∗ h(t) (4)

where τ denotes the time delay, t represents time, and f stands for frequency; h(τ) is the
time-domain window function of the Wigner–Ville distribution (WVD) [25], and H( f ) is
its corresponding frequency-domain representation. With an optimized window function,
the PWVD effectively suppresses cross terms while preserving strong time–frequency
concentration. In Equation (4), δ(·) denotes the unit impulse function, r(t, f ) represents
the time–frequency characterization function of the frequency-modulated signal, and h(t)
is the time-domain window function. This method applies the frequency modulation
function of the active sonar transmitted signal to filter and smooth the time–frequency
spectrogram, thereby enhancing the discriminative characteristics of the echo in the time–
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frequency domain. Let h(τ) be a Hanning window with a hop size of 96, and let h(t) be a
Hamming window with a hop size of 32. Let the transmitted signal be a linear frequency-
modulated (LFM) chirp signal with a duration of 65 ms and a starting frequency of 30 kHz.
Figure 3 illustrates the EPWVD spectra of volume target and multi-source interference
under varying observation angles and signal-to-noise ratios (SNRs). As observed in the
figure, due to the streamlined structure of underwater targets, the target resolution degrades
when the aspect angle approaches 90°. The simulation results demonstrate that cross terms
are effectively suppressed when the acoustic path difference between two point sources
exceeds 3 ms.

Figure 3. EPWVD spectra of MSI and volume targets. The x-axis denotes the number of sampling
points, and the y-axis denotes the normalized frequency. (a–c) illustrate the EPWVD spectra of MSI
at an SNR of 0 dB for azimuth angles of 5°, 40°, and 75°, respectively. (d–f) present the corresponding
MSI results under degraded conditions at an SNR of −9 dB with the same azimuth configurations.
Similarly, (g–i) display the EPWVD spectra of volume targets at 0 dB SNR, while (j–l) show the
analogous results for volume targets at −9 dB SNR, both spanning the same set of azimuth angles (5°,
40°, and 75°).

Doppler domain features refer to the Doppler broadening induced by the interaction
of a single-frequency continuous-wave (CW) signal transmitted by active sonar with a
moving target, primarily influenced by the target’s physical dimensions and geometric
contour. When the volume target is modeled as a collection of finite volume elements, and
the transmitted signal frequency is denoted by f0, the Doppler shift component—excluding
the carrier frequency—of the volume element located at rT at time t is given by fd( f0, rT , t),
and the ensemble of all such Doppler shifts forms a non-stationary random process. Under
illumination by a transmitted signal of pulse duration Tb, the Doppler components of the
echo from the volume target can be expressed as

DT( fd) =
∫

T′
b

∫
VT

fd( f0, rT , t)dVdt (5)

where T
′
b denotes the effective echo duration corresponding to the transmitted pulse width

Tb. The Doppler components of the N-source interference echo can be expressed as

DI( fd) =
N

∑
k=1

fd( f0, rT , t) =
N

∑
k=1

f k
d (6)
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As can be observed from Equations (5) and (6), the Doppler components of multi-
source interference and volume target echoes exhibit significant differences. The two-
dimensional time-delay and frequency-shift correlation function of the echo signal, obtained
after removing the fundamental frequency component, characterizes the target’s Doppler
frequency shift distribution (DFSD) [18], as given in Equations (7) and (8).

Fd(τ, fd) =
∫ ∞

−∞
ŝ
(

t +
τ

2

)
ŝ∗
(

t − τ

2

)
e−j2π fdτdt (7)

DFSD(τ, fd) = Fd(τ, fd)F ∗
d (τ, fd) (8)

where, ŝ(t) denotes the estimated effective echoes. The Doppler frequency shift distribution
DFSD(τ, fd) has a mathematical form analogous to the ambiguity function used in the
analysis of active sonar transmitted waveforms [26]. Let the transmitted signal be a
continuous-wave (CW) tone at 30 kHz with a duration of 65 ms, and let the target’s speed
be 18 knots. Figure 4 presents the DFSD spectra of multi-source interference and volume
targets under varying aspect angles and SNRs.

Figure 4. DFSD spectra of MSI and volume targets. The x-axis is in seconds, and the y-axis is in
Hertz. (a–c) illustrate the DFSD spectra of MSI at an SNR of 6 dB for azimuth angles of 15°, 50°,
and 85°, respectively. (d–f) present the corresponding MSI results at a lower SNR of 0 dB under
the same azimuth configurations. Similarly, (g–i) display the DFSD spectra of volume targets at
6 dB SNR with identical azimuth angles, while (j–l) show the analogous results for volume targets
at 0 dB SNR.

2.2. Temporal Echo Features

When the sonar platform and the target are in motion, the target’s echo characteristics
exhibit time-varying and space-varying behavior, resulting in instability. In complex
marine environments such as shallow water, reverberation and multi-path effects induce
fluctuations in the underwater acoustic channel, which further degrade the stability of the
target echo. These factors collectively reduce the robustness of multi-domain feature-based
target recognition algorithms, primarily due to insufficient consideration of the temporal
correlation among multi-burst echo features.

As the sonar approaches the target, sequential echo data containing multiple bursts
and multiple aspect views can be acquired. Over time and across spatial dimensions,
parameters such as the relative attitude, range, and relative velocity between the sonar
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and the target vary dynamically, while the underwater acoustic channel also experiences
fluctuations. Assuming that the time-varying azimuth angle θ(t) and pitch angle ψ(t)
characterize the relative orientation changes, that the channel fluctuation is modeled by
C(t), the radial distance by r(t), and the relative velocity by v(t), the m-th feature of the
target echo can then be expressed as

Fm(t) = fm(θ(t), ψ(t), C(t), r(t), v(t)) (9)

The active sonar transmits pulses at a fixed pulse repetition interval (PRI), thereby
acquiring the target echo sequence periodically. Consequently, Equation (9) can be refor-
mulated as

Fm(nTs) = fm(θ(nTs), ψ(nTs), C(nTs), r(nTs), v(nTs)) (10)

The statistical characteristics of multi-domain time-series echoes provide valuable
information that enhances the robustness of target recognition. Based on the tensor stacking
method [12,27], the fusion of multi-domain time-series echo features can be categorized
into four distinct modes according to the stage at which integration occurs. Using the
time-series feature data from the spatial, time–frequency, and Doppler domains acquired in
this study as illustrative examples, the classification networks corresponding to these four
fusion modes are described below.

Mode 1: The multi-domain time-series feature data from four consecutive bursts
are directly input to the feature extraction network, enabling concurrent integration of
multi-domain and temporal features at the feature level. The resulting classification output,
denoted as R1, is expressed as

R1 = CNet(FNet(Fs
1, Fs

2, Fs
3)) (11)

where CNet denotes the fusion classification network, FNet denotes the feature extraction
network, and Fs

i represents the temporal feature tensor corresponding to the i-th feature,
where the superscript s indicates the inclusion of temporal dynamics. The architecture of
the Mode 1 fusion network is illustrated in Figure 5.

Figure 5. Structure diagram of the fusion network in Mode 1.

In Figure 5, multi-domain and temporal features are fused at the feature level. The
time-series feature data from the spatial, time–frequency, and Doppler domains are directly
fed into the feature extraction network via dimensional expansion or tensor stacking—
operations that increase either the data size or the data dimension. This enables the
network to learn a unified representation that integrates both temporal dynamics and
multi-domain characteristics, and the resulting feature vectors are subsequently classified
by the classifier to achieve target identification.

Mode 2: Multi-domain feature fusion is performed at the feature level, while temporal
feature fusion is conducted at the feature vector level—corresponding to the mid-level
feature stage. The resulting classification output, denoted as R2, is expressed as
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R2 = CNet(F1
T , F2

T , . . . , FN
T )

Fn
T = FNet(Fn

1 , Fn
2 , Fn

3 )
(12)

where Fn
1 , Fn

2 , and Fn
3 represent the two-dimensional tensors obtained by transforming the

three types of feature data at the n-th burst. Fn
T denotes the fused 2D feature tensor of the

three features at the n-th burst, and the subscript T indicates that the quantity is a feature
tensor. The structural schematic of the Mode 2 fusion network is illustrated in Figure 6.

Figure 6. Structure diagram of the fusion network in Mode 2.

As illustrated in Figure 6, feature fusion is conducted in two stages. In the first stage,
spatial, time–frequency, and Doppler domain features are fed into the feature extraction
network via concatenation or stacking to generate multi-domain fused representations.
In the second stage, temporal feature vectors are aggregated across multiple bursts and
subsequently fed into a classifier for final target classification.

Mode 3: Temporal feature fusion is performed at the feature level, while multi-domain
feature fusion is conducted at the feature vector level. The classification result, denoted as
R3, is expressed as

R3 = CNet(FNet1(Fs
1), FNet2(Fs

2), FNet3(Fs
3)) (13)

where FNeti denotes the feature extraction network for the i-th feature. The structural
schematic of Mode 3 fusion network is illustrated in Figure 7.

Figure 7. Structure diagram of the fusion network in Mode 3.

As shown in Figure 7, the feature fusion process consists of two stages. In the first
stage, time-series feature sequences of individual features are fed into the feature extraction
networks via stacking to generate temporal feature vectors FM1, FM2, and FM3 corre-
sponding to the spatial, time–frequency, and Doppler domains, respectively. In the second
stage, these multi-domain temporal feature vectors are integrated within the classification
network to perform final target classification.

Mode 4: Multi-domain temporal feature fusion is performed at the feature vector level.
The classification result, denoted as R4, is given by
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R4 = CNet(Fs
m)

Fs
m = stack([Fs

T1, Fs
T2, Fs

T3])

Fs
T1 = {Fn

T1 = FNet1(Fn
1 ), n = 1, 2, . . . , N}

Fs
T2 = {Fn

T2 = FNet2(Fn
2 ), n = 1, 2, . . . , N}

Fs
T3 = {Fn

T3 = FNet3(Fn
3 ), n = 1, 2, . . . , N}

(14)

where Fn
T1, Fn

T2, and Fn
T3 denote the single feature vectors (1D) of the three feature types,

respectively, whereas Fs
T1, Fs

T2, and Fs
T3 represent 2D tensors formed by stacking the cor-

responding single feature vectors over time. The 3D feature tensor Fs
m is constructed by

concatenating Fs
T1, Fs

T2, and Fs
T3 along the feature dimension. FNeti extracts feature vector

level temporal features for the i-th input feature across multiple time steps. The architecture
of the Mode 4 fusion network is illustrated in Figure 8.

Figure 8. Structure diagram of the fusion network in Mode 4.

As illustrated in Figure 8, multi-domain and temporal features are jointly fused at the
feature vector level. Single-burst feature data from the spatial, time–frequency, and Doppler
domains are sequentially fed into the feature extraction networks FNet1, FNet2, and FNet3,
yielding the single feature, single-burst feature vectors FM1_i, FM2_i, and FM3_i. These
vectors are accumulated over multiple bursts to construct a three-dimensional tensor
representing multi-domain temporal features. High-level statistical characteristics are then
extracted via 3D convolutional operations, followed by classification using a linear classifier
to perform final target recognition.

Mode 1 simultaneously fuses multi-domain temporal feature information at the fea-
ture level, which has the highest requirement for the representation ability of the feature
extraction network. Mode 4 focuses on single feature extraction at the feature level, which
has the lowest requirement for the network’s representation ability and is more suitable
for few-shot learning scenarios. Mode 2 and 3 fuse multi-domain feature information or
temporal feature information at the feature level, and their requirements for the network’s
representation ability are higher than that of Mode 4. In this study, we adopt Mode 4 to
achieve the fusion of multi-domain temporal features. On the one hand, it has the lowest
requirement for the representation ability of the feature extraction networks, which is most
in line with the needs of few-shot learning, and the feature extraction networks can be
optimized according to the characteristics of the feature spectra of each domain. On the
other hand, it can fully utilize the feature extraction networks based on meta-learning and
its meta-knowledge in previous research results [18], add an internal memory module and
redesign the classification network to achieve the fusion of multi-domain temporal features.
Mode 4 distributes the computational load, which is more conducive to the deployment of
multiple AI chips in real-time applications.

The tensor composed of several adjacent temporal features relative to the current time
step is defined as short-term memory, while features from earlier time steps are referred to
as long-term memory. Target characteristics in short-term memory typically exhibit minimal
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variation, whereas those in long-term memory may undergo more significant changes. The
schematic illustration of temporal feature classification is presented in Figure 9.

Figure 9. Temporal feature memory classification.

The raw array-domain data of active sonar time-series echoes undergo preprocessing
steps including frequency diversity, filtering, and effective echo extraction. Using the
feature extraction method described in Section 2.1, the temporal feature data of the target
in the spatial, time–frequency, and Doppler domains are extracted, denoted as D3SF(nTs),
EPWVD(nTs), and DFSD(nTs), respectively. The single-burst memory representations of
these time-series features for the three domains are formulated in Equations (15)–(17).

MS(n) = FNet1(D3SF(nTs)) (15)

MTF(n) = FNet2(EPWVD(nTs)) (16)

MD(n) = FNet3(DFSD(nTs)) (17)

The short-term memory is constructed by selecting the two most recent bursts pre-
ceding the current burst, while the long-term memory incorporates the fourth and sixth
bursts prior to the current burst. This configuration forms the multi-domain temporal echo
features of underwater targets, as illustrated in Figure 10.

Figure 10. Multi-domain temporal feature memory.

By integrating the short-term and long-term memory of multi-domain temporal fea-
tures, the fused representation of target scattering echoes is derived. This approach has the
potential to mitigate the instability of echo characteristics induced by underwater acoustic
channel fluctuations and variations in target aspect angles, thereby enhancing the accuracy
of target recognition.
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2.3. Network Construction
2.3.1. Multi-Domain Feature Extractor

HasNet-5, TFasNet-7, and DasNet-9, shown in Figure 1, are specifically designed
according to the image characteristics of feature spectra in the spatial, time–frequency, and
Doppler domains [18], with their corresponding network architectures detailed in Table 1.

Table 1. Network structures of HasNet-5, TFasNet-7 and DasNet-9.

HasNet-5 TFasNet-7 DasNet-9

Input: [3 32 96] Input: [1 224 672] Input: [1 224 672]
Conv2d1: in = 3, out = 8, k = 3 × 3, s = 2,

p = 1, relu and bn
Conv2d1: in = 1, out = 8, k = 3 × 3, s = 2,

p = 1, relu and bn
Conv2d1: in = 1, out = 32, k = 7 × 7, s = 2,

p = 3, relu and bn

Conv2d2: in = 16, out = 32, k = 1 × 1,
s = 2, p = 0, bn

Conv2d2: in = 8, out = 16, k = 3 × 3, s = 1,
p = 1, relu and bn Maxpool2d: k = 2 × 2, s = 2

Conv2d3: in = 32, out = 64, k = 3 × 3,
s = 1, p = 1, relu and bn Maxpool2d: k = 2 × 2, s = 2 Conv2d2: in = 32, out = 32, k = 3 × 3,

s = 1, p = 1, relu and bn

Maxpool2d: k = 2 × 2, s = 2 Conv2d3: in = 16, out = 32, k = 3 × 3,
s = 1, p = 1, relu and bn

Conv2d3: in = 32, out = 64, k = 1 × 1,
s = 2, p = 0, bn

Conv2d4: in = 64, out = 256, k = 8 × 8,
s = 8, p = 0

MRConv2d1: in = 32, out = 64, k = 3 × 3,
s = 1, p = 1, relu and bn

Conv2d4: in = 64, out = 64, k = 3 × 3,
s = 1, p = 1, relu and bn

Flatten MRConv2d2: in = 128, out = 256,
k = 3 × 3, s = 1, p = 1, relu and bn

Conv2d5: in = 64, out = 128, k = 1 × 1,
s = 2, p = 0, bn

Liner: in = 768, out = n_way Maxpool2d: k = 2 × 2, s = 2 Conv2d6: in = 128, out = 128, k = 3 × 3,
s = 1, p = 1, relu and bn

Conv2d4: in = 512, out = 512, k = 7 × 7,
s = 7, p = 0

Conv2d7: in = 128, out = 256, k = 1 × 1,
s = 2, p = 0, bn

Flatten Conv2d8: in = 256, out = 256, k = 3 × 3,
s = 1, p = 1, relu and bn

Liner1: in = 1536, out = n_way Avg_pool2d: k = 7 × 7, s = 7, p = 0

Flatten

Liner1: in = 768, out = n_way

Here, indenotes the number of input channels, out the number of output channels, k the size of the convolution
kernel, s the convolution stride, and p the padding length. Additionally, h and w represent the height and width of
the input feature map, respectively, while x denotes the input to the function. The operator MRConv2d is defined
as the concatenation of MaxPool2d(x, kernel_size=2, stride=2) and CutCenter(x, h/2, w/2). The term n_way refers
to the number of classification categories. Furthermore,relu denotes the rectified linear unit activation function,
and bn denotes batch normalization.

HasNet-5 comprises two components: the feature extractor ϕF
HasNet-5 and the classifier

ϕC
HasNet-5. The spatial domain feature D3SFn(θ, ψ) ∈ RH×W is converted into a tensor,

which is denoted as Ts.
Ts = Tensor(D3SFn) ∈ RH×W (18)

The tensor Ts is processed by ϕF
HasNet-5, yielding the high-order spatial domain feature

vector Fs.
Fs = ϕF

HasNet-5(Ts, ΘF
s ) (19)

where ΘF
s denotes the network parameters of the feature extractor, which can be expressed as

ΘF
s =

{
W(1), b(1), W(1), b(1), . . . , W(L), b(L)

}
(20)

where, L represents the length of the network parameters. Then, HasNet-5 can be expressed as
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ϕHasNet-5(Ts) = ϕC
HasNet-5(ϕ

F
HasNet-5(Ts, ΘF

s ), ΘC
s )

= ϕC
HasNet-5(Fs, ΘC

s )
(21)

where ΘC
s denotes the network parameters of the classifier.

The tensors associated with the time–frequency domain feature EPWVD(t, f ) ∈ RH×W

and the Doppler domain feature DFSD(τ, fd) ∈ RH×W are denoted as Tt f and Td, respectively.
Consequently, TFasNet-7 and DasNet-9 can be formulated as Equations (22) and (23).

ϕTFasNet-7(Tt f ) = ϕC
TFasNet-7(ϕ

F
TFasNet-7(Tt f , ΘF

t f ), ΘC
t f )

= ϕC
TFasNet-7(Ft f , ΘC

t f )
(22)

ϕDasNet-9(Td) = ϕC
DasNet-9(ϕ

F
DasNet-9(Td, ΘF

d ), ΘC
d )

= ϕC
DasNet-9(Fd, ΘC

d )
(23)

The components ϕF
TFasNet-7 and ϕC

TFasNet-7 denote the feature extractor and classifier
of TFasNet-7, with network parameters ΘF

t f and ΘC
t f , respectively. Similarly, ϕF

DasNet-9 and

ϕC
DasNet-9 represent the corresponding modules in DasNet-9, parameterized by ΘF

d and
ΘC

d . The resulting high-order feature vectors Ft f and Fd correspond to the time–frequency
domain and Doppler domain, respectively. HasNet-5, TFasNet-7, and DasNet-9 were
independently trained on the training sets corresponding to the spatial, time–frequency, and
Doppler domains, respectively, resulting in three feature extractors—ϕF

HasNet-5, ϕF
TFasNet-7,

and ϕF
DasNet-9—with learned parameter sets ΘF0

s , ΘF0
t f , and ΘF0

d .

2.3.2. Internal Memory Module

This paper employs a feature vector-level multi-domain temporal feature fusion
network in which the feature vectors generated by the multi-domain feature extractor
from time-series echoes form the feature memory. The internal memory module manages
the stored memory and serves as an intermediary component by providing input to the
multi-domain temporal feature fusion classifier, thereby fulfilling a bridging role within the
overall architecture [28]. As illustrated in Figure 11, the internal memory module comprises
five key components: a controller, a memory block cache, a rule configurator, a memory
extractor, and an output cache.

Figure 11. Composition of the internal memory module.

The controller receives the feature vectors output by the multi-domain feature extractor,
classifies them into designated categories, and stores them in the memory block cache,
while coordinating the operations of other modules. The rule configurator specifies the
memory selection policy; for instance, as illustrated in Figure 10, the predefined priority
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rule is [n, n−1, n−2, n−3, n−6]. According to this rule, the memory extractor retrieves
selected entries from the memory block cache and organizes them into a memory tensor,
which is then stored in the output cache. The resulting output memory tensor, derived
based on the configuration in Figure 10, is depicted in Figure 12.

Figure 12. The structure of output memory tensors.

In Figure 12, SDFM denotes the spatial domain feature map, TFDFM the time–
frequency domain feature map, and DDFM the Doppler domain feature map. The memory
tensor contains temporal feature data from three domains—spatial, time–frequency, and
Doppler—spanning five bursts. The feature vector length per burst is 768 for the spatial
domain, 1562 for the time–frequency domain multi-resolution features, and 768 for the
Doppler domain. The time–frequency multi-resolution feature vector is uniformly par-
titioned into two equal groups. As a result, the high-dimensional temporal features are
compressed into an internal memory tensor of size 5 × 4 × 768. By adjusting the rule
definition according to specific application needs, different configurations of multi-domain
temporal feature vector memories can be generated.

2.3.3. Multi-Domain Temporal Feature Fusion Classifier

The Multi-domain Temporal Feature Fusion Classifier (MT-FFC) integrates feature
vectors from multi-domain temporal features and extracts high-dimensional statistical char-
acteristics to enable target classification. The classifier comprises a 3D convolutional layer
(Conv3D1) and a fully connected linear layer (Linear1), with its computational procedure
defined in Equation (24).

ϕMT-FFC(Fs
m) = ϕC

Linear1(ϕ
F
Conv3D1(F

s
m, ΘF

Conv3D1), ΘC
Linear1)

= ϕC
Linear1(Fm, ΘC

Linear1)
(24)

The network architecture of MT-FFC under the memory selection rule [0, 1, 2, 3, 5] is
illustrated in Figure 13.

In Figure 13, the input to Conv3D1 is a four-dimensional feature tensor of size [256,
5, 4, 3], and the layer outputs a 256-dimensional vector. The convolutional kernel size is
[5, 4, 3], with a stride of [5, 4, 3] and no padding applied. The convolution operation is
implemented using Conv3D. The first fully connected linear layer (Linear1) takes the 256-
neuron one-dimensional output vector from Conv3D1 as input. The second fully connected
layer consists of two neurons, and applies the softmax function to produce the probabilities
for the two target classes.
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Figure 13. Architecture of the multi-domain temporal feature fusion classifier.

2.3.4. Multi-Domain Temporal Feature Fusion Recognition Network

The fusion of multi-burst feature information across the spatial, time–frequency, and
Doppler domains enables statistical characterization of target features in both the feature
and temporal dimensions, thereby mitigating information bias and effectively addressing
the instability of target scattering characteristics. The internal memory module stores
the multi-burst feature vector outputs from the multi-domain feature extractor, which
are subsequently classified by MT-FFC. This integration leads to the construction of the
Multi-domain Temporal Feature Fusion Recognition Network (MTFF-RNet), whose overall
architecture is illustrated in Figure 14.

Figure 14. Architecture of the multi-domain temporal feature fusion recognition network.

In Figure 14, time-series samples from the training library are sequentially fed into
the multi-domain feature extractor in chronological order. The extracted feature vectors
from the spatial, time–frequency, and Doppler domains are transmitted to the internal
memory module, which generates a multi-domain temporal feature tensor (256 × 5 × 4 × 3)
at each time step. These tensors serve as input to the MT-FFC for target classification. The
parameters of the multi-domain feature extractor are kept fixed during training, while the
MT-FFC is fully trained on the accumulated feature sequences, resulting in a well-structured
inference network for multi-domain temporal feature fusion target recognition.

3. Results and Discussion
3.1. Dataset

The dataset employed in this study comprises three components: a training set, a
validation set, and a test set. Underwater vehicles (volume target) are designated as true
targets, while multi-source interferences are treated as false targets. From the experimental
data, effective continuous multi-burst sequences are selected, including 22 groups of
interference time series samples and 10 groups of underwater vehicle time series samples.
Of these, 8 groups are allocated to the training set, 10 to the validation set, and the remaining
15 to the test set, with each group containing 12 to 20 individual samples. To ensure
independence and avoid data leakage, the training set is constructed using data from
different experimental runs than those used for the validation and test sets.
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Due to the limited availability of experimental data, simulated echo signals are gener-
ated based on acoustic principles to augment the dataset. The simulation process employs
highlight models of typical underwater vehicles and four types of multi-source interfer-
ences [18,29] to synthesize sonar array-domain data. The active sonar system consists of
a 25-element array configured as [1, 3, 5, 5, 3, 1], transmitting both CW and LFM wave-
forms with a pulse duration of 65 ms. Simulations are conducted under a representative
tail-following target scenario. Initial conditions for signal generation include an azimuth
angle θ ranging from 15◦ to 90◦ (in 5◦ increments, yielding 16 values), a pitch angle of −1◦,
an initial target range of 525 m, target speeds between 15 and 25 knots, sonar platform
speeds from 25 to 30 knots, and lead angles varying from 2◦ to 8◦. Data generation termi-
nates when the target range decreases below 210 m. The SNR ranges from −9 dB to 9 dB.
Reverberation is either absent, or the signal-to-reverberation ratio (SRR) ranges from −3 dB
to 3 dB. This process yields 160 groups of time series data across five target classes. From
these, 40 groups are assigned to the training set, 18 to the validation set, and 17 to the test
set, with each group consisting of 12 to 20 samples. During the data generation process, it is
essential to ensure that parameters such as the trajectories and initial azimuth angles of the
validation and test data differ from those of the training data. Additionally, adjustments
should be made to parameters including the number of highlights, their intensity, and the
speed of the target model.

The final multi-domain feature datasets—MFTD (training), MFVD (validation), and
MFRD (test)—are formed by combining the above 107 time series sample groups, compris-
ing 32 experimentally acquired and 75 simulated samples. The detailed composition of the
multi-domain feature sample sets is summarized in Table 2.

Table 2. Composition of the multi-domain feature sample set.

Sample Type MFTD MFVD MFRD

Simulated samples 600 270 255
Experimental samples 140 150 225

Total sample size 740 420 480

From the 107 groups of time series samples, multi-domain temporal feature samples
are extracted to construct the training set MFTsTD, validation set MFTsVD, and test set
MFTsRD. The extraction protocol begins at the sixth cycle of a given voyage sequence,
from which five consecutive cycles of multi-domain features are collected to form a single
training instance. The selected cycles include the first, second, third, fifth, and sixth cycles.
Each time series multi-domain feature sample is represented as a four-dimensional tensor,
denoted by Ts

m, as defined in Equation (25).

Ts
m = {Tn

m, Tn−1
m , Tn−2

m , Tn−3
m , Tn−5

m } (25)

where Tn
m is a three-dimensional tensor formed by feature vectors from the spatial, time–

frequency, and Doppler domains, as defined in Equation (26).

Tn
m = {Tn

s , Tn
t f , Tn

d} (26)

Then, sequential extraction proceeds from the seventh cycle to the final cycle Nlast of
the voyage, yielding a total of (NLast − 5) samples for this voyage. The sample composition
of the multi-domain temporal feature set is presented in Table 3.
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Table 3. Composition of the multi-domain temporal feature sample set.

Sample Type MFTsTD MFTsVD MFTsRD

Simulated samples 400 180 170
Experimental samples 80 100 150

Total sample size 480 280 320

3.2. Evaluation Metrics

During the network training process, classification accuracy is used as the evaluation
metric, as defined in Equation (27) [30].

Accuracy =
TP + TN

TP + TN + FP + FN
(27)

Here, TP denotes true positive cases, TN denotes true negative cases, FP represents false
positive cases, and FN represents false negative cases. During the inference stage, the
network performance is evaluated using precision, recall, and the F1-score, as defined in
Equations (28)–(30) [30]. Furthermore, to provide a threshold-invariant and class-imbalance-
robust evaluation—particularly critical for skewed datasets—we compute the area under
the precision–recall curve (AUC-PR) and its 95% confidence interval (CI), estimated using
bootstrap resampling with 1000 independent replicates [31].

precision =
TP

TP + FP
(28)

recall =
TP

TP + FN
(29)

F1 = 2 × Precision × Recall
Precision + Recall

(30)

3.3. Validation
3.3.1. Overview of the Validation Process

First, based on the multi-domain feature extraction network constructed in Section 2.3.1,
spatial, time–frequency, and Doppler domain feature extractors are independently trained on
the training set MFTD described in Section 3.1 and validated using the validation set MFVD.
Second, on the training set MFTsTD, the multi-domain temporal feature fusion classifier MT-
FFC—developed in Section 2.3.3—is trained within the MTFF-RNet framework introduced
in Section 2.3.4 and validated on MFTsVD. Subsequently, the trained feature extractors and
MT-FFC are integrated to form the MTFF-RNet inference network, which is evaluated and
analyzed on the temporal test set MFTsRD. Finally, the proposed multi-domain temporal
fusion-based target recognition method is further assessed through comparative experiments
with the multi-domain feature fusion network and four lightweight models.

3.3.2. Multi-Domain Feature Extractor Training

The meta-knowledge (MK_S, MK_TF, and MK_D) [18] obtained from the pre-training
of meta-learning is used to initialize the network parameters of the feature extractors
of HasNet-5, TFasNet-7, and DasNet-9, in order to reduce the sample requirement and
improve the training efficiency. The three networks are independently trained using the
spatial domain, time–frequency domain, and Doppler domain samples of the training
set MFTD (with a learning rate of 0.005), and the validation set MFVD samples are used
for evaluation during the training process. The training curves and validation curves are
shown in Figure 15.
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Figure 15. Training and validation curves of the multi-domain feature extractor.

In Figure 15, each training batch on the horizontal axis corresponds to 40 samples.
As shown in the validation curves, after two training batches using meta-knowledge,
the validation accuracy of the individual feature recognition networks for spatial, time–
frequency, and Doppler domains reaches 89.52%, 89.76%, and 83.3%, respectively. Upon
completion of one full training epoch, the models achieve convergence, with the validation
accuracy stabilizing at 92.38%, 90.71%, and 88.10%, respectively. After training, inference
testing is performed on the test set, yielding test accuracy rates of 91.87%, 90.42%, and
87.50% for the spatial, time–frequency, and Doppler features, respectively. The D3SF
feature in the spatial domain exhibits minimal variation in classification accuracy across
different azimuth angles. In contrast, the EPWVD feature in the time–frequency domain
suffers from degraded performance near an azimuth angle of 90° due to insufficient time–
frequency resolution. Similarly, the DFSD feature in the Doppler domain shows reduced
classification accuracy when the azimuth angle is below 30°.

3.3.3. MT-FFC Training

Network training was conducted on the time-series feature training set MFTsTD using
a learning rate of 0.001. During training, only the parameters of MT-FFC were updated,
while the parameters of the multi-domain feature extractor were fixed to preserve pre-
trained domain-specific features. The validation set was employed to assess the training
performance. The resulting training and validation curves are presented in Figure 16.

Figure 16. The training curve and validation curve of MT-FFC.

After seven training batches (each batch comprising 40 samples), the validation ac-
curacy surpassed 90%, and the MT-FFC network began to converge. The entire train-
ing process encompassed two complete training epochs, with each epoch consisting of
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12 batches. As evidenced by the validation curve, the fusion of multi-domain temporal fea-
tures enabled the model to achieve the desired target classification performance, ultimately
attaining a classification accuracy of 97.14% upon completion of the two training epochs.

3.3.4. MTFF-RNet Testing

Following the completion of MT-FFC training, the inference-capable MTFF-RNet
network was developed based on the architecture illustrated in Figure 14. The model was
evaluated on the test set MFTsRD to assess its inference performance, and the results are
summarized in Table 4.

Table 4. Inference results of the MTFF-RNet network.

Sample Type Sample Size Accuracy Precision Recall F1-Score AUC-PR (95% CI)

Simulated samples 170 0.9647 0.8750 0.9333 0.9032 0.9641 (0.9130–0.9945)
Experimental samples 150 0.9600 0.9355 0.9667 0.9508 0.9808 (0.9560–0.9981)

All samples 320 0.9625 0.9149 0.9556 0.9348 0.9765 (0.9538–0.9928)

As shown in Table 4, the simulation samples achieved an accuracy of 96.47%, with a
precision of 87.5%, recall of 93.33%, and F1-score of 90.32%. These samples consisted of
30 true target instances and 140 false target instances. Four false targets were misclassi-
fied as true targets; further analysis revealed that two of these cases exhibited interface
reverberation. For the experimental samples, the model achieved an accuracy of 96.00%,
precision of 93.55%, recall of 96.67%, and F1-score of 95.08%. The experimental samples
included 60 true target samples and 90 false target samples. Among the classification errors,
two true targets were incorrectly classified as false (due to large distance and interface
reverberation), and four false targets were misclassified as true. Notably, two of the erro-
neous classifications involved samples with interface reverberation. Across all test samples,
including both simulation and experimental datasets, the overall performance achieved
an accuracy of 96.25%, a precision of 91.49%, a recall of 95.56%, and an F1-score of 93.48%.
The consistent improvement across all four evaluation metrics indicates that the fusion of
multi-domain temporal features effectively mitigates the adverse impact of unstable echo
signals on recognition performance.

3.4. Discussion
3.4.1. Ablation Studies

In Section 3.3, the temporal feature extraction employs memory rule MR4: [n, n−1,
n−2, n−3, n−5]. To systematically assess the influence of temporal context length on
recognition performance, this section introduces three ablated variants—MR3: [n, n−1,
n−2, n−3], MR2: [n, n−1, n−2] and MR1: [n, n−1]. For each rule, the depth dimension
of MT-FFC’s 3D convolutional kernel is explicitly adapted to match the number of input
frames, ensuring architectural consistency. All models are trained and evaluated under
identical experimental protocols. Comparative inference results across MR1, MR2, MR3,
and MR4 are summarized in Table 5.

Table 5. Experimental results under different memory rules.

Memory Rule Sample Size Accuracy Precision Recall F1-Score AUC-PR (95% CI)

MR1 320 0.9469 0.8842 0.9333 0.9081 0.9658 (0.9385–0.9871)
MR2 320 0.9500 0.8936 0.9333 0.9130 0.9703 (0.9442–0.9897)
MR3 320 0.9594 0.9140 0.9444 0.9290 0.9732 (0.9479–0.9909)
MR4 320 0.9625 0.9149 0.9556 0.9348 0.9765 (0.9538–0.9928)
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The ablation study on memory rules reveals a clear trade-off: increasing the tem-
poral context length enhances the robustness of target recognition at the cost of higher
computational complexity and increased inference latency. Consequently, the optimal
memory rule must be selected based on application-specific constraints—such as real-time
processing requirements, hardware resource limitations, and operational tolerance for
performance degradation.

3.4.2. Stratified Evaluation Metrics

Given the pronounced degradation in spatial resolution of the D3SF feature spec-
trum below an SNR of 3 dB—contrasting with the comparatively stable resolution perfor-
mance of both EPWVD and DFSD feature spectra—the test samples are stratified into two
groups: one comprising all samples with SNR ≥ 3 dB and the other comprising those with
SNR < 3 dB. Separate evaluations are performed on each group, and the corresponding
results are summarized in Table 6.

Table 6. Inference results across SNR levels.

Sample Type Sample Size Accuracy Precision Recall F1-Score AUC-PR (95% CI)

SNR ≥ 3 dB 180 0.9667 0.9322 0.9649 0.9483 0.9916 (0.9766–1.0000)
SNR < 3 dB 140 0.9571 0.8857 0.9394 0.9118 0.9388 (0.8655–0.9842)

As shown in Table 6, the target recognition performance of MTFF-RNet degrades with
decreasing SNR, confirming that misclassifications predominantly occur among low-SNR
samples. This degradation is primarily attributable to the pronounced deterioration of
D3SF feature discriminability under low-SNR conditions—particularly for targets located
at longer ranges and with azimuth angles near 90°, where resolution limitations impede
reliable separation. Nevertheless, the model achieves strong overall performance, as
evidenced by an accuracy of 95.71%, precision of 88.57%, recall of 93.94%, F1-score of
91.18%, and AUC-PR of 93.88%, all of which collectively indicate robust and practically
viable recognition capability.

Given the pronounced resolution degradation observed in both the D3SF and EPWVD
feature spectra below a SRR of 3 dB—contrasting with the comparatively stable resolu-
tion behavior of the DFSD feature spectrum—the test samples are stratified into two
groups: one comprising all samples with SRR ≥ 3 dB, and the other comprising those with
SRR < 3 dB. Separate evaluations are conducted on each group, and the corresponding
results are summarized in Table 7.

Table 7. Inference results across SRR levels.

Sample Type Sample Size Accuracy Precision Recall F1-Score AUC-PR (95% CI)

SRR ≥ 3 dB 212 0.9717 0.9420 0.9701 0.9559 0.9918 (0.9770–1.0000)
SRR < 3 dB 108 0.9444 0.8400 0.9130 0.8750 0.9205 (0.8130–0.9834)

As shown in Table 7, MTFF-RNet exhibits a pronounced decline in target recognition
performance under low SRR conditions—confirming that SRR is a critical factor governing
recognition robustness in underwater environments, a challenge widely acknowledged in
the literature. This observed degradation primarily stems from the diminished discrim-
inability of weak highlight features used to distinguish volume targets from multi-source
interference. Addressing this limitation constitutes a key focus of our ongoing work. Nev-
ertheless, the model achieves consistently strong performance across multiple metrics:
accuracy of 94.44%, precision of 84.00%, recall of 91.30%, F1-score of 87.50%, and AUC-PR
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of 91.04%—collectively demonstrating operationally viable recognition capability even
under challenging SRR conditions.

3.4.3. Performance Comparison

To further evaluate the target classification capability of MTFF-RNet, comparative
experiments were conducted against five lightweight networks: ResNet18, MobileNetV2,
ShuffleNetV2x1, EfficientNetB0, and MFasNetV1 [15,18,32–35]. Among these, ResNet18
and the other three lightweight architectures employ feature level fusion for classification,
whereas MFasNetV1 adopts multi-domain feature fusion at the feature vector level. All
five models were trained on the MFTD training set under consistent conditions. During
inference comparison, a key distinction arises: MTFF-RNet processes multi-domain time-
series feature samples, while the competing networks operate on multi-domain single-burst
feature inputs. To ensure a fair evaluation, the test set for the baseline networks was
constructed by excluding the first five sequential samples from both the experimental and
simulation voyage sequences used in MTFF-RNet’s temporal modeling, resulting in a final
test set comprising 150 experimental and 170 simulated samples. The complete inference
results on the MFTsRD test set are summarized in Table 8.

Table 8. The parameters and test results of the six networks.

Module Parameters
(M)

FLOPs
(M)

Accuracy
(%)

Precision
(%)

Recall
(%)

F1-Score
(%)

AUC-PR (95% CI)
(%)

ResNet-18 11.68 1824.0 90.94 82.11 86.67 84.32 92.97 (88.80–96.15)
MobileNetV2 3.51 327.6 89.69 80.00 84.44 82.16 92.82 (88.68–96.31)
EfficientNetB0 5.29 412.8 90.63 81.91 85.56 83.70 93.57 (89.23–96.66)

ShuffleNetV2x1 1.26 146.0 88.44 77.32 83.33 80.21 89.88 (84.36–94.02)

MFasNetV1

HasNet-5 1.06 11.1

93.13 85.42 91.11 88.17 95.86 (92.62–98.22)
TFasNet-7 3.56 324.5
DasNet-9 0.84 428.4

FFC 0.39 0.4
Total 5.85 764.4

MTFF_RNet

HasNet-5 1.06 11.1

96.25 91.49 95.56 93.48 97.65 (95.38–99.28)
TFasNet-7 3.56 324.5
DasNet-9 0.84 428.4
MT_FFC 3.15 6.3

Total 8.61 770.3

As shown in Table 5, MTFF-RNet consistently outperforms ResNet18, MobileNetV2,
EfficientNetB0, and ShuffleNetV2x1 across all evaluation metrics. MTFF-RNet shares an
identical feature extractor and pre-training reference with MFasNetV1; the key distinction
lies in the fusion strategy—MFasNetV1 integrates multi-domain features from a single time
step, whereas MTFF-RNet incorporates multi-domain temporal features over sequential
time steps. Compared to MFasNetV1, MTFF-RNet achieves improvements of 3.12% in
accuracy, 6.07% in precision, 4.45% in recall, 5.31% in F1-score, and 0.84% in AUC-PR.
The comparative experimental results demonstrate that the multi-domain temporal feature
fusion network TMFF-RNet, based on feature vector-level fusion, significantly enhances
the recognition accuracy under water acoustic channel fluctuations and dynamic variations
in target perspectives, thereby achieving superior performance in addressing the target
recognition problem in this study. Although the total number of parameters and FLOPs
in MTFF-RNet are lower than those in ResNet-18, its overall parameter count exceeds
that of lightweight networks such as MobileNetV2, ShuffleNetV2x1, and EfficientNet-B0.
However, the three feature extractors in MTFF-RNet are trained independently, with each
subnetwork having a parameter scale comparable to that of MobileNetV2 or ShuffleNetV2x1.
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Furthermore, parameter initialization leverages meta-knowledge acquired through meta-
learning [17], granting MTFF-RNet a distinct advantage in few-shot scenarios.

Compared to MobileNetV2 and EfficientNetB0, TMFF-RNet does not exhibit signifi-
cant advantages in parameter count or overall computational complexity. Nevertheless, its
multi-stream feature extraction architecture combined with a modular training strategy
offers distinct benefits in scenarios characterized by limited and imbalanced data. Further-
more, the structural design of the multi-domain feature extractor facilitates distributed
deployment across multiple AI accelerators, enabling enhanced real-time processing ca-
pabilities. The proposed feature-vector-level fusion approach for multi-domain temporal
feature recognition effectively integrates target information across both domain-specific
features and temporal dynamics, thereby improving the adaptability of recognition models
under low-data conditions. This framework presents a novel perspective on informa-
tion fusion for identifying targets with dynamically evolving characteristics in complex
and non-stationary environments—such as those subject to environmental fluctuations
and interference-induced data instability. Additionally, the internal memory mechanism
supports flexible rule configurations, allowing adaptation to scenarios with varying rates
of change. Different configuration strategies yield diverse high-dimensional statistical
representations, which can serve as valuable references for future designs of multi-stream
temporal fusion systems.

4. Conclusions
This paper addresses the challenge of performance instability in active sonar target

recognition under limited sample conditions, caused by fluctuations in underwater acoustic
channels and variations in target aspect angles. To overcome the limitations of conventional
methods relying on a single feature or single-ping echoes, we propose a multi-domain
temporal feature fusion approach. First, complementary features—namely D3SF, EPWVD,
and DFSD—were extracted from the spatial, time–frequency, and Doppler domains, re-
spectively. Second, a deep learning framework was developed for the feature vector-level
fusion of multi-domain temporal echo characteristics. Building on this foundation, an
efficient internal memory module and a multi-domain temporal feature fusion classifier
were designed, resulting in the proposed MTFF-RNet, which is capable of capturing high-
dimensional statistical patterns. The network was trained and evaluated using a hybrid
dataset combining real experimental measurements with simulation-augmented samples.
The experimental results showed an inference accuracy of 96.25% and an F1-score of 93.48%.
To assess the contribution of memory utilization and evaluate the model’s robustness across
diverse acoustic environments, we conducted ablation studies, SNR-stratified experiments,
and SRR-stratified experiments. Performance comparisons with MFasNetV1 and four
feature-level fusion networks demonstrated that the proposed multi-domain temporal
fusion method effectively mitigates the performance degradation caused by channel insta-
bility and aspect-angle variability. By jointly leveraging multi-domain representations and
temporal dynamics, the proposed method integrates target information more comprehen-
sively, offering a novel solution to improve the environmental adaptability of recognition
algorithms in data-scarce scenarios. Moreover, the fusion rules for multi-domain temporal
integration are highly flexible, allowing different configurations to yield distinct perfor-
mance trade-offs. Based on this framework, future work will explore two key directions:
(i) adaptive memory regulation mechanisms and (ii) systematic multi-dimensional feature
fusion for improved cross-domain temporal modeling.
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ASTR Active Sonar Target Recognition
CNN Convolutional Neural Network
CWT Continuous Wavelet Transform
D3SF Three-dimensional Spatial Feature
DFSD Doppler Frequency Shift Distribution
FFC Feature Fusion Classifier
IMM Internal Memory Module
MFCC Mel-Frequency Cepstral Coefficients
MSI Multi-Source Interference
MUSIC Multiple Signal Classification
PWVD Pseudo Wigner–Ville Distribution
SPWVD Smoothed Pseudo Wigner–Ville Distribution
WVD Wigner–Ville Distribution Spectrum
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