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Abstract: As a multimodal fusion task, audio-visual segmentation (AVS) aims to locate
sounding objects at the pixel level within a given image. This capability holds significant
importance and practical value in applications such as intelligent surveillance, multimedia
content analysis, and human–robot interaction. However, existing AVS models typically
feature complex architectures, require a large number of parameters, and are challenging
to deploy on embedded platforms. Furthermore, these models often lack integration
with object tracking mechanisms and fail to address the issue of the mis-segmentation of
unvoiced objects caused by environmental noise in real-world scenarios. To address these
challenges, this research proposes a lightweight audio-visual segmentation framework
incorporating an audio-guided space–time memory network (AG-STMNet). First, a mask
generator with a scoring mechanism was developed to identify sounding objects from
generated masks. This component integrates Fastsam, a lightweight, pre-trained, object-
aware segmentation model, with WAV2CLIP, a parameter-efficient audio-visual alignment
model. Subsequently, AG-STMNet, an audio-guided video object segmentation network,
was introduced to track sounding objects using video object segmentation techniques
while mitigating environmental noise. Finally, the mask generator and AG-STMNet were
combined to form the complete framework. The experimental results demonstrate that the
framework achieves a mean Intersection over Union (mIoU) score of 41.5, indicating its
potential as a viable lightweight solution for practical applications.

Keywords: lightweight; multimodal fusion; audio-visual segmentation (AVS); video object
segmentation (VOS); space–time memory (STM) network

1. Introduction
Audio-visual segmentation (AVS), as a multimodal fusion task, intends to identify the

positions of sounding objects at the pixel level in a given image [1]. It builds on Sound
Source Localization (SSL), which integrates audio and image information to locate sounding
objects in an image and mark their regions with a heatmap [2]. Extending SSL, Zhou et al.
introduced the AVS task and the corresponding AVSbench dataset. This task refines SSL
by generating precise masks of sound-emitting objects, enabling accurate localization and
boundary delineation. AVS holds significant value in both research and application. On
the one hand, AVS integrates the auditory modality with the conventional visual modality
to improve the fault tolerance and perception capabilities of the system. On the other hand,
AVS technology has broad application potential in domains such as home assistance, smart
home control, security monitoring, and healthcare assistance. For example, in security
monitoring, fusing visual and acoustic information enables more effective identification
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and tracking of abnormal noise sources within a given area. This extends the surveillance
range, improves monitoring efficiency, and serves as a valuable supplement to fixed video
surveillance systems. Due to its practical significance, AVS has attracted substantial research
interest and emerged as a prominent topic in the field.

Researchers have significantly enhanced the effectiveness of AVS by leveraging the
potential of audio-visual data. For instance, Liu et al. proposed a framework that utilizes un-
labeled frames, improving marginal performance gains by incorporating motion cues from
adjacent frames and semantic information from distant frames [3]. Similarly, Chen et al.
introduced an approach that strengthens audio cues through a Bidirectional Audio-Video
Decoder (BAVD), enabling continuous interaction between audio and video modalities [4].
Guo et al. developed a hierarchical encoder collaboration module and employed neural
architecture search to optimize information interaction [5]. Several studies have focused
on the bilateral interaction between visual and auditory modalities. Hao et al. proposed
a bidirectional generation framework where visual-to-audio projection reconstructs au-
dio features from object segmentation masks while minimizing reconstruction errors [6].
Yang et al. designed a transformer-based multi-order bilateral architecture, Cooperation
of Multi-Order Bilateral Relations (COMBO), which includes a Bilateral Fusion Module
(BFM) to precisely align visual and auditory signals [7]. Mao et al. addressed AVS through
an Explicit Conditional Multimodal Variational Auto-Encoder (ECMVAE), emphasizing ef-
fective representation learning [8]. Other researchers have emphasized enhancing semantic
associations in AVS. Liu et al. developed a method based on cross-modal semantic interac-
tion to address ambiguity caused by reliance on visual saliency detection [9]. Wang et al.
introduced a text semantic-guided technique that leverages textual cues within visual
scenes to strengthen audio semantics [10]. Additionally, Wang et al. proposed the Pro-
gressive Confident Masking Attention Network (PMCANet), which employs an attention
mechanism to enhance semantic awareness through query token selection [11].

With the advent of the Segment Anything Model (SAM), a universal pre-trained image
segmentation model, numerous methods have leveraged this approach for AVS due to its
high accuracy and flexible interface [12]. For instance, Mo et al. introduced an efficient
audio-visual localization and segmentation framework that integrates visual features with
audio features extracted from the SAM’s image encoder to construct pixel-level cross-
modal representations [13]. Huang et al. proposed a training-free framework, Audio-
Language-Referenced SAM 2 (AL-Ref-SAM2), built on SAM2 and a GPT. This framework
utilizes GroundingDINO for single-frame object recognition, GPT-4 for selecting reference
information, and SAM2 for segmenting recognized objects across video sequences [14].
Similarly, Bhosale et al. introduced Modality Correspondence Alignment (MoCA), an AVS
approach that seamlessly integrates pre-trained foundational models such as DINO, the
SAM, and ImageBind. Leveraging the complementary knowledge of these models, MoCA
optimizes their synergistic application to achieve multimodal correlation [15].

In pursuit of higher accuracy, conventional AVS models often employ complex ar-
chitectures, resulting in insufficient efficiency. To address this issue, Liu et al. introduced
SAMA-AVS, a lightweight model that utilizes the pre-trained SAM for AVS tasks. By inte-
grating a limited number of trainable parameters and adapters, this approach effectively
achieves audio-visual fusion and interaction during the encoding phase [16]. Similarly,
Nguyen et al. developed Segment Audio-Visual Easy Way (SAVE), a lightweight AVS
model that fine-tunes transformer-based image encoders and employs a residual audio
encoder to generate sparse audio feature hints, facilitating effective audio-visual fusion [17].
Lin et al. proposed a Vision Transformer (ViT)-based lightweight AVS framework that
injects a minimal number of trainable parameters into each ViT layer for fine-tuning, adapt-
ing pre-trained ViTs for audio-visual tasks [18]. Additionally, Xu et al. introduced Each
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Performs Its Functions (PIF), an efficient AVS method that divides the task into two stages:
relevance learning and segmentation refinement. This approach leverages deep features
for cross-modal interaction and shallow features to enhance segmentation results [19].

However, despite these advancements, the aforementioned algorithms still incorporate
a significant number of parameters, and the SAM exhibits high computational complexity
and extensive processing time. These limitations pose challenges for deployment on
embedded platforms, underscoring the need for further improvements in model efficiency.

In addition to the challenge of model lightweighting, general AVS methods often fail
to integrate object tracking and neglect the mis-segmentation of unvoiced objects caused
by environmental noise. These limitations remain critical barriers to practical application,
as illustrated in Figure 1.

Figure 1. In real-world scenarios, the phenomenon of the mis-segmentation of unvoiced objects often
occurs as a result of environmental noise. When conducting object segmentation tasks, especially for
those targets that are unvoiced, the presence of environmental noise can severely disrupt the normal
operation of the segmentation model. Moreover, directly applying the audio-visual segmentation
algorithm to segment each frame of an image may result in an unstable target mask, limiting its
practical applicability in real-world scenarios. To address this, integrating a tracking mechanism
allows the model to utilize historical segmentation results, enabling it to track vocalized objects
more effectively. This approach not only improves the accuracy of the outputs but also enhances
their stability.

To address the above issues, this study proposes a lightweight AVS framework that in-
corporates an audio-guided space–time memory network. The overall framework diagram
of the proposed architecture is shown as Figure 2. The key contributions of this study are
divided into the following two aspects.

• To achieve lightweight audio-visual segmentation, this research proposes an efficient
audio-visual mask generator leveraging pre-trained lightweight models, Fastsam and
Wav2CLIP. Additionally, a mask-scoring mechanism is designed to optimize the mask,
thereby enhancing the accuracy and precision of target segmentation;

• In addition to the audio-visual fusion mask, to enable continuous tracking of the
vocal target guided by the fusion mask, this research proposes a video object tracking
network based on a space–time memory network (STM-Net). The audio feature
extraction and fusion module within the network detects changes in the audio signal
and transmits the output information to the upsampling module of the mask decoder
to guide the generation of the final segmentation mask, thereby suppressing the
interference of environmental noise.
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Figure 2. The proposed framework consists of two components: the audio-visual mask generator
with a scoring mechanism and the audio-guided space–time memory network. First, paired images
and audio clips are input into the mask generator. Subsequently, this module generates the mask
of a sounding object and transmits it to the audio-guided space–time memory network. Lastly,
the audio-guided space–time memory network leverages both historical and current masks to track
the sounding object and determine whether to output the target mask based on the audio guidance.

Both of the two aspects will be elaborated on separately in the Methodology Section.
The combination of these two aspects constitutes the overall framework proposed in this
research. In the Experiments and Results Section. Experiments for the two modules were
conducted separately, and the experimental verification of the overall framework was
incorporated into the experiments of the second module.

2. Methodology
2.1. Mask Generator

The mask generator consists of three interconnected modules: a lightweight image
segmentation model (Fastsam), an audio-visual modal alignment model (Wav2CLIP),
and a mask-scoring module. The Fastsam model is a lightweight segmentation model that
achieves performance comparable to the SAM while attaining a running speed more than 50
times faster. It addresses the issue of high computational costs associated with the practical
application of the SAM, enabling deployment on embedded platforms [20]. The Wav2CLIP
model achieves robust audio-visual modality alignment. It is lightweight, containing
fewer than 50M parameters, which makes it well-suited for deployment on embedded
platforms with constrained computational resources. Additionally, it can generate frame-
level audio embeddings along the temporal axis, offering significant advantages for tasks
requiring precise frame-level embeddings and enabling adaptive inference in video-related
applications [21]. The lightweight architecture of the Fastsam and Wav2CLIP models,
combined with the simplicity and efficiency of the mask-scoring mechanism, ensures that
the mask generator achieves high parameter efficiency while making the system scalable.

However, the preliminary mask produced by the image segmentation model demon-
strates fine-grained segmentation, dividing the target object into multiple parts. This
outcome stems from the pre-trained model’s ability to learn diverse object characteris-
tics and knowledge from extensive datasets, enhancing its versatility in recognizing and
generating masks for various objects. Excessively detailed segmentation not only com-
plicates mask selection but also undermines the efficacy of correlation calculations in the
audio-visual alignment model.

To mitigate these challenges, two strategies can be implemented. The first approach in-
volves enlarging the feature map in the model’s detection head. This method is particularly
effective in scenarios where the target mask size remains relatively stable, as it simplifies
the problem and accelerates processing speed, albeit at the risk of overlooking smaller
targets. The second approach focuses on filtering and stitching the output masks. While
this method incurs higher computational costs and segments all target types, it offers more
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comprehensive information and is better suited for scenarios with substantial variations in
target size.

In most application scenarios, small targets are less frequent but tend to be more con-
spicuous, easier to observe, and meaningful when they do appear. Conversely, large targets,
which are more common, are typically not divided into numerous parts. Therefore, this
study adopts a second approach and introduces a mask-scoring mechanism to streamline
the mask screening and stitching process. Specifically, the mask-scoring mechanism utilizes
the full-instance mask segmentation map obtained from the Fastsam model to select and
combine masks, thereby optimizing the generated masks and improving the accuracy and
precision of object segmentation.

As illustrated in Figure 3, the proposed mask-scoring module involves two critical
processes. The first process calculates the correlation between audio and visual embeddings,
which forms the foundation of audio-visual fusion. Specifically, this step identifies the
mask that most accurately corresponds to the current input audio. As the Wav2CLIP model
aligns visual and audio embeddings within the same space, the relevance of audio and
visual information is determined by computing the normalized cosine similarity between
the embeddings. The second process derives the final mask based on the scoring formula,
which can be mathematically represented by the following formula:

U =
n⋃

i=1

xδ(i) (1)

δ : ∀j,k ∈ {1,...,m}, j<k ⇒ s(xδ(j)) ≥ s(xδ(k)) (2)

s(xi)=λ1 ∗ Si + λ2 ∗ Ai � Vi (3)

In Equation (1), n indicates the total number of masks, xi denotes each image block, and δ

represents the ranking function; the index of the ranking corresponds to the result computed
by the scoring function, as presented in Equation (2). In Equation (3), λ1 and λ2 denote the
weighting parameters for area and similarity, respectively, Si represents the normalized
area, and Ai and Vi correspond to the audio embedding and image embedding.

The specific processing flow of the mask-scoring module is structured as follows: First,
the cosine similarity between the video embedding and the audio embedding is computed,
with the results normalized and ranked in descending order. Second, the area of each
image block is calculated, normalized, and sorted in descending order. These normalized
similarity and area values are then assigned different weights, summed, and ranked in
descending order to produce the final scores. Finally, the n masks with the highest scores
are selected and concatenated to generate the final mask.

In order to determine the optimal combination of the parameters λ1, λ2, and n for
the mask-scoring mechanism, we iteratively fine-tune these parameter values based on
the output mask map until optimal results are achieved. Specifically, the parameter n is
assigned values of 3, 4, and 5 across three testing rounds. In each round, the variable
λ1 begins at 0 and incrementally increases to 1 in steps of 0.1. Given that λ1 + λ2 = 1,
the variable λ2 consequently starts at 1 and decrementally decreases to 0 in steps of 0.1.
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Figure 3. The mask generator operates through the following detailed procedure. First, an image is
input into Fastsam to generate a preliminary segmentation mask. Second, the image is cropped based
on the mask to extract the candidate region’s image block. Next, the image block and its synchronized
audio segment are processed by the Wav2CLIP model to produce corresponding image embeddings
and an audio embedding. Finally, the image embeddings, audio embedding, and image block patches
are fed into the mask-scoring module, where the final mask is generated according to the predefined
scoring mechanism.

2.2. Audio-Guided Space–Time Memory Network

Space–time memory networks excel at tracking targets using given segmentation
masks [22]. Unlike semi-supervised video object segmentation methods, their key advan-
tage is the ability to store and retrieve historical information, which both speeds up the
process and improves tracking accuracy. If the space–time memory network model is
sufficiently lightweight, it can achieve real-time target tracking.

However, beyond the challenges of tracking accuracy and speed, practical application
environments introduce additional complexities. Ubiquitous environmental noise and
interfering sound sources can lead the model to segment silent targets. To address this
issue, this study proposes an audio-guided space–time memory network (AG-STMNet),
as illustrated in Figure 4. The network consists of two key components: the space–time
memory network, which conducts video object segmentation guided by the fusion mask,
and the audio feature extraction and fusion module.

In the space–time memory network module, the historical frame object masks are
encoded by the memory encoder, generating corresponding keys and values. These keys
and values are then chronologically concatenated and converted to the memory key em-
bedding kM and memory value embedding vM. Upon the arrival of the current frame,
the query encoder is employed to encode it, producing the corresponding key embedding
kQ and value embedding vQ. Subsequently, a spatial matching mechanism is utilized to
determine whether each pixel belongs to the foreground object, thereby completing the
segmentation of the target object in the current frame. This process effectively computes the
spatio-temporal attention of each pixel in the query image with respect to the pixels in the
historical frames. The spatio-temporal memory query process is mathematically expressed
by the following formula [22]:

yi = [vQ
i ,

1
Z ∑

j
f (kQ

i , kM
j )vM

j ] (4)
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y represents the query output, where i and j denote the indices of each position in the query
embedding and memory embedding feature map, respectively. The notation [·, ·] indicates
the concatenation and stacking operation, while f denotes the similarity calculation function.

f (kQ
i , kM

j ) = exp(kQ
i ◦ kM

j ) (5)

The ◦ operation represents the dot product operation, and Z denotes the normalization factor.

Z = ∑
j

f (kQ
i , kM

j ) (6)

In the aforementioned formula, kQ ∈ RH×W×C/8, vQ ∈ RH×W×C/2, kM ∈ RT×H×W×C/8,
vM ∈ RT×H×W×C/2, where H denotes the height of the image, W represents the width of
the image, C signifies the number of dimensions in the feature map, and T corresponds to
the number of historical frames retained.

Figure 4. The audio-guided space–time memory network (AG-STMNet) incorporates an audio
feature extraction fusion module and a video object-segmentation module based on a space–time
memory network. The audio feature extraction fusion module processes synchronized audio frame
to extract sound features and detect whether the sound has disappeared or changed. The video
object-segmentation module based on a space–time memory network encodes the current image
query by leveraging the previous fusion mask and stored historical masks. It then integrates the
results from the audio feature extraction and fusion module to the decoder to output the current
mask, thereby enabling suppression of environmental noise.

The audio feature extraction and fusion module consists of two one-dimensional con-
volutional layers. The first layer maps the input dimension to an intermediate dimension,
followed by dimensionality reduction via max pooling. The second one-dimensional con-
volutional layer then maps the intermediate dimension to the output dimension, extracting
the final audio feature. The specific dimensional configurations for each layer are provided
in Table 1.

The 1D convolutional layer processes the input sequence by applying a convolution
kernel, which captures localized patterns within the sequence. Specifically, the 1D con-
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volution kernel detects variations in frequency and pitch intensity in the audio signal.
The resulting features undergo dimensionality reduction and aggregation, with the global
mean value representing the overall audio intensity. This value is compared to a predefined
threshold to determine whether the mask decoder output is activated. If the global mean
exceeds the threshold, the decoder output is enabled; otherwise, a full background output
is generated. This switching mechanism, embedded within the audio feature extraction
and fusion module, effectively reduces the impact of environmental noise and interfering
sound sources.

Table 1. Parameters of the audio feature extraction and fusion module.

Layer Type Kernel
Size Step Size Kernel

Size
Input
Shape Output Shape

Conv1-1d 3 1 1 1 × 22,050 64 × 22,050
MaxPool1d 2 2 - 64 × 22,050 64 × 11,025
Conv2-1d 3 1 1 64 × 11,025 128 × 11,025

3. Experiments and Results
3.1. Mask Generator

Based on the structure and process outlined in the previous section, the mask genera-
tor was constructed. Experiments were subsequently conducted to evaluate and validate
the mask-generator method, as well as to assess the effectiveness of the mask-score selec-
tion mechanism.

3.1.1. Dataset, Evaluation Metrics, and Hardware

The AVSbench dataset, specifically designed for fine-grained audio-visual segmen-
tation tasks, was employed in the experiments for the mask generator due to its compact
size and ease of use. Each video in the dataset was trimmed to a 5 s duration, with the last
frame from every 1 s interval extracted as an image frame. The test subsets included masks
for all image frames to streamline testing and validation [1].

Since the proposed method focuses exclusively on single-object segmentation, only
the single-source subset (S4) of AVSbench was utilized. Furthermore, as the Wav2CLIP
model relies on frame-level audio embedding, the dataset’s audio log MEL spectrogram
was not used. Instead, segments extracted directly from the original audio files served as
the audio input.

The evaluation metrics included the Jaccard Index, mean Intersection over Union
(mIoU), and F-Score, which are widely accepted as critical measures in audio-visual seg-
mentation. The experiments were conducted on a laptop equipped with an Intel i9-12900H
CPU, 32 GB RAM, and an NVIDIA RTX 3080 GPU with 16 GB VRAM. The software
environment consisted of Ubuntu 20.04, Python 3.8.16, and PyTorch 2.4.1.

3.1.2. Experiments
(1) Parameter determination

We define the parameters λ1, λ2, and n for the mask-scoring mechanism used in model
inference. As stated in the previous section, λ1 and λ2 denote the weighting parameters for
area and similarity, respectively, and n indicates the total number of masks.

Table 2 presents the typical parameter combinations and their corresponding indices
derived from the experiments. The optimal combination of parameters is λ1 = 0.1, λ2 =

0.9, n = 3; it is evident that the mask-scoring mechanism can enhance the performance of
object segmentation. Due to the utilization of the Fastsam model based on CNN object
detection networks, the overall recognition performance is superior. The masks of objects
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are more complete, the number of generated masks is reduced, and the area weight is
smaller than the similarity weight.

Table 2. Parameters of the mask-scoring mechanism.

λ1 λ2 n mIoU F-Score

0.1 0.9 3 54.5 0.565
0.1 0.9 4 42.4 0.435
0.1 0.9 5 41.3 0.364
0.5 0.5 3 32.4 0.367
0.9 0.1 3 19.2 0.238

(2) Comparison experiments

The ablation study was performed first. The parameter λ1 in the mask-scoring mecha-
nism was set to 0, while λ2 was set to 1. This implies that only the audio-visual embedding
correlation based on the Wav2CLIP model is considered. Additionally, the parameter n was
set to 1, meaning that only the mask with the highest correlation to the audio was output,
and no mask concatenation was performed. Comparing the experimental metrics obtained
without using the mask-scoring mechanism to those produced by the model within its
optimal parameter configuration, we analyzed the impact of the mask-scoring mechanism
on the model’s performance.

Subsequent to the ablation study, the performance metrics of the proposed mask gen-
erator were compared against those of other audio-visual segmentation methods, yielding
the results presented in Table 3. Herein, TPAVI-R50 is the reference benchmark method
for the AVSbench dataset [1]. SAM zero-shot represents the zero-shot learning approach
leveraging the SAM and Ground-DINO models described in [23]. AV-SAM denotes the
fine-tuning technique utilizing the SAM model as outlined in [13]. AL-Ref-SAM 2 refers to
the method introduced in [14], which employs the SAM model for mask generation and
the GPT-4 model for mask selection.

Table 3. Comparison experiments.

mIoU F-Score

Fastsam 41.7 0.526
Fastsam + scoring mechanism 54.5 0.565

TPAVI − R50 72.6 0.482
SAM zero − shot 51.8 0.626
AV − SAM[14] 40.5 0.568

AL − Re f − SAM2[16] 70.5 0.811

The data in the table can be interpreted as follows: (1) The module incorporating
the mask-scoring selection mechanism shows a significant improvement in the output
index, validating its effectiveness. (2) The proposed mask generator outperforms the AV-
SAM method, which relies on SAM model fine-tuning, indicating that it can serve as a
lightweight alternative to SAM fine-tuning. (3) The proposed method exceeds the SAM
zero-shot method in terms of the mean mIoU metric, demonstrating the efficacy of the
introduced mask-scoring mechanism in enhancing output mask accuracy. (4) While the
TPAVI-R50 benchmark and the AL-Ref-SAM 2 method (which integrates SAM and GPT-4
models) achieve higher accuracy and precision in object segmentation on the AVSbench
dataset, the proposed method is more computationally efficient. It is better suited for
platforms with limited resources due to its reduced dependence on heavy feature extraction
networks like ResNet50 and advanced language models like GPT-4.
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(3) Visualization and case study

To verify the effectiveness of the proposed method, the typical segmentation results
obtained during testing were plotted and compared with the labeled mask maps provided
by the dataset.

In Figure 5, it is evident that the mask generator effectively produces the target mask
in the image based on audio prompts. Although the output accuracy is slightly lower
compared to that with the real mask, the performance remains within an acceptable range.
As a result, the proposed mask generator provides a concise and efficient solution for
the practical implementation of audio-visual segmentation tasks, eliminating the need for
additional model training and significantly reducing computational costs.

Figure 5. The visualization is presented above. The top row presents the mask overlay images output
by the model, while the bottom row displays the images annotated with overlay masks.

3.2. Audio-Guided Space–Time Memory Network

In this section, based on the network architecture and process outlined in the preceding
section, the construction of the audio-guided space–time memory network (AG-STMNet)
is described. Following the training of the network, it was rigorously tested and validated.
Subsequently, the mask generator and AG-STMNet were integrated into a complete target
tracking framework to evaluate the overall performance of the proposed method.

3.2.1. Dataset, Evaluation Metrics, and Hardware

AVSbench is the first publicly released and most widely utilized audio-visual seg-
mentation dataset. Ref-AVSbench represents a more recent and extensive dataset for
audio-visual segmentation and possesses two significant characteristics: (1) It contains
more audio and video frames and clips. The authors segmented each 10 s video into 10
equal 1 s clips, extracted the first frame of each clip as an image frame, and generated
corresponding binary mask annotations. (2) An empty subset is introduced, where the
target is silent and the associated mask labels are also empty. The extensive number of
data frames in the Ref-AVS Bench dataset renders it particularly suitable for learning
temporal information. Furthermore, the introduction of the empty subset enables models
trained on this dataset to mitigate overfitting, suppress environmental noise, and reduce the
mis-segmentation of unvoiced objects. Because of these characteristics, the Ref-AVSbench
dataset was utilized for training in the experiments described in this section.

AVSbench is the first publicly released and most widely used audio-visual segmen-
tation dataset. Ref-AVSbench, a more recent and comprehensive dataset, offers two key
features: (1) It includes a larger number of audio and video frames and clips. Each 10 s
video is segmented into 10 equal 1 s clips, with the first frame of each clip extracted as an
image frame and accompanied by binary mask annotations. (2) It introduces an empty
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subset where the target is silent, and the associated mask labels are also empty. The ex-
tensive data frames in Ref-AVSbench make it particularly suitable for learning temporal
information, while the empty subset helps mitigate overfitting, suppress environmental
noise, and reduce the mis-segmentation of unvoiced objects. Therefore, Ref-AVSbench was
utilized for training in this study.

Since the proposed method focuses solely on single-target tracking, when utilizing the
Ref-AVSbench dataset, the data are preprocessed via sorting and filtering to retain only the
single-source case. Additionally, it should be noted that while the Ref-AVSbench dataset
includes an empty subset, most instances within the single-source subset are continuously
voiced. Correspondingly, mask annotations predominantly label the target foreground
for each segment. To enhance the audio-feature-extraction fusion module’s sensitivity to
changes in frequency and pitch intensity in the audio, as well as to mitigate the impact of
environmental noise and interfering sound sources on target segmentation, modifications
to the dataset are necessary. Specifically, certain audio segments are extracted and muted,
with their corresponding mask labels designated as the background. Therefore, through
these adjustments, learning samples capturing transitions from sounding to silence are in-
corporated, and the model’s robustness with regard to its ability to recognize environmental
sound variations is improved.

The metrics employed in the experiments include the Jaccard Index, mean Intersection
over Union (mIoU), and F-Score, which are the same as those used for evaluating the
mask generator. A cloud server was used for the experiment. It is equipped with an AMD
EPYC 9354 CPU, RAM of 64.4 GB, and an NVIDIA RTX 4090 GPU with VRAM of 24 GB.
The operating system is Ubuntu 22.04, and the software environment includes Python
3.11.16, PyTorch 2.2.2, and Docker 26.1.0.

3.2.2. Experiments
(1) Training

To enhance the accuracy and generalization capability of AG-STMNet while reducing
its parameter count for greater lightweight efficiency, a two-stage training method was
employed in this experiment.

In the first stage, ResNet18 was used as the backbone network, and the space–time
memory network component was trained on the MS COCO dataset. Subsequently, the en-
coder parameters of the trained space–time memory network were frozen, and an audio
feature extraction and fusion module was integrated into the decoder. Fine-tuning was
then performed using the Ref-AVSbench dataset.

During the initial training of the space–time memory network, video sequences were
processed frame-by-frame in groups of three frames [22]. The detailed procedure is as
follows: (1) Key–value pairs are extracted from the first frame. (2) The second frame uses
the memory prediction mask from the first frame to generate the prediction probability for
the current frame. After calculating the loss for the second frame, the memory is updated.
(3) The third frame integrates the memories of the preceding two frames for prediction,
and the loss for the third frame is computed. The total loss is obtained by summing the
prediction losses of the second and third frames, with the loss formula as follows:

loss = n2_loss + n3_loss = L(n2_ log it, n2_label) + L(n3_ log it, n3_label) (7)

L(p, y) = −[y ∗ log(p) + (1 − y) ∗ log(1 − p)] (8)

Let L denote the binary cross-entropy loss function, where p represents the predicted
probability and y denotes the label value.
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In the second training stage, the audio feature extraction fusion module was con-
structed and integrated into the AG-STMNet architecture alongside the space–time mem-
ory network module. To ensure training stability, the parameters of the STMNet memory
encoder and query encoder were frozen. The Ref-AVSbench dataset was used for training,
with binary cross-entropy loss as the model’s loss function. The space–time memory net-
work was configured to store three historical frames, and the threshold value for the audio
feature extraction fusion module was set to 0.5. Additionally, the label mask of the first
frame in the dataset was used as initial input.

(2) Testing and Evaluation

(1) Audio Feature Extraction and Fusion Module Test: The Ref-AVSbench test dataset
was imported into the trained network. Consistent with the training setup, the space–
time memory network stored three historical frames, the audio feature extraction and
fusion module threshold was set to 0.5, and the label mask from the first frame was used
as the model input. The network’s performance was evaluated based on the mIoU and
F-score of the model output. (2) Audio Feature Extraction and Fusion Module Ablation
Experiment: The audio module was removed from AG-STMNet, and only the image and
mask data from the Ref-AVSbench test dataset were used for evaluation. The testing
procedure remained identical to the previous setup, and the impact of the audio module
on the model’s performance was analyzed using the output metrics. (3) Complete Model
Test: The mask generator was integrated with AG-STMNet to form a complete model.
The Ref-AVSbench test dataset was imported to evaluate the complete model’s performance.
During testing, the output of the audio-visual fusion mask generator served as the input to
AG-STMNet, while all other settings remained unchanged. The experimental results are
presented in the table below:

Based on the data presented in Table 4, the following interpretations can be drawn
regarding the model performance:

Table 4. Testing results of AG-STMNet.

STM-Net Audio-Guided Module Mask
Generator mIoU F-Score

✓ 71.7 0.725
✓ ✓ 53.2 0.551
✓ ✓ ✓ 41.5 0.535

(a) STMNet without the Audio Module: The model achieves an mIoU score exceeding
70%, which substantiates the effectiveness of the trained network architecture. This baseline
configuration demonstrates robust capability in generating accurate segmentation masks
for the current frame by leveraging historical information and image queries. The network’s
ability to perform simultaneous image segmentation and target tracking, guided by the
fusion mask, establishes a strong foundation for subsequent module integration.

(b) Incorporation of the Audio-Guided Module: The integration of the audio-guided
module results in a marginal decrease in the model’s performance metrics. This slight reduc-
tion, while statistically insignificant, suggests that the AG-STMNet configuration maintains
operational effectiveness in most straightforward environmental scenarios. The model
successfully incorporates audio information for target segmentation, albeit with minor
limitations. The observed performance degradation can be attributed to instances of mis-
masking, which originate from the audio module’s current structural simplicity. These
limitations present opportunities for enhancement through more sophisticated architectural
refinements and improved audio-visual feature fusion mechanisms.
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(c) Complete Model Configuration: The comprehensive model, while exhibiting a rela-
tively modest performance index compared to individual module configurations, demon-
strates consistent and reasonable target segmentation efficacy. This validation confirms
both the operational effectiveness of the complete model architecture and the fundamental
feasibility of the proposed methodology. The comparative reduction in performance met-
rics primarily stems from error propagation during model inference processes, particularly
in the integration of multimodal information streams. This observation underscores the
necessity for further optimization in the information fusion pipeline and error correction
mechanisms within the complete model architecture.

(3) Visualization and case study

To validate the effectiveness of the proposed method, a representative sample instance
was selected from the dataset, where the target transitions from sounding to silent. This
example was input into the trained model for inference, and the segmentation results were
visualized. These results were then compared with the labeled mask map provided by the
dataset, confirming the audio module’s effectiveness in suppressing environmental noise.

As shown in Figure 6, when the target sound is absent in the third frame, the model
does not segment the target and instead outputs the background. This indicates that the
model can dynamically adjust the mask output in response to changes in the audio input,
effectively suppressing environmental noise and interfering sound sources. In practical
applications, the threshold of the audio module can be flexibly adjusted to enhance noise
suppression and ensure adaptability to diverse acoustic environments.

Figure 6. The visualization is presented above. The top row presents the mask overlay images output
by the model, while the bottom row displays the images annotated with overlay masks.

4. Conclusions and Discussion
In this research, we proposed a lightweight audio-visual segmentation method. This

method comprises two key components: the first is an audio-visual fusion mask generator,
and the second is an audio-guided video object-segmentation network based on space–time
memory networks. By integrating these two components, the proposed method enables
the completion of audio-visual segmentation for application scenarios as follows:

(1) To achieve lightweight audio-visual fusion object segmentation, a mask generator
based on a pre-trained audio-visual modal alignment model is proposed. The pre-
trained lightweight image segmentation model, Fastsam, is employed to generate
initial masks. A mask-scoring mechanism is then designed to guide the refinement of
the final mask output, thereby realizing audio-visual target mask generation. On the
AVSbench test dataset, the proposed mask generator achieves an mIoU score of 54.5.
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(2) In order to achieve target tracking with audio-visual fusion mask prompts and
address the issue of model mis-segmentation caused by environmental noise,
a lightweight sound-controlled target tracking network is proposed. A space–time
memory network is employed for target tracking and segmentation, while an audio
feature extraction and fusion module is introduced to suppress environmental noise
and interference sound sources. The experimental results demonstrate that the pro-
posed method can effectively track targets under audio-visual fusion mask guidance,
dynamically adjust the mask output in response to audio changes, and successfully
suppress environmental noise. This network achieved an mIoU score of 53.2 on the
Ref-AVSbench (S4) test dataset.

(3) To evaluate the complete model, the mask generator was integrated with the audio-
guided space–time memory network. The experimental results on the Ref-AVSbench
(S4) test dataset demonstrate that the complete model is capable of recognizing and
tracking vocal objects, providing a viable solution for audio-visual fusion target
tracking. The mIoU score is 41.5.

However, certain limitations remain and require further improvement in subsequent
work. First, in the mask-generation approach, the mask-scoring mechanism can be opti-
mized to enhance object segmentation accuracy. Specifically, a feedback-integrated mask-
scoring mechanism could be designed to automatically determine the optimal parameter
combination. Second, in AG-STMNet, the learning and representation capabilities of the
audio feature extraction network can be further enhanced. Moreover, the fusion level be-
tween the audio information and mask decoder can be improved to strengthen the model’s
ability to suppress environmental noise and interfering sound sources.
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