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Abstract

Vehicle-to-Vehicle (V2V) cooperative object detection enhances environmental perception
capabilities in complex traffic scenarios by sharing sensory information among vehicles,
but limited transmission bandwidth and wireless channel noise can significantly affect
the reliable transmission of cross-vehicle semantic features and lead to a degradation in
detection performance at the receiver. Although existing semantic communication methods
based on Deep]SCC can alleviate the cliff effect of traditional separated source—channel
coding under low signal-to-noise ratio conditions, they typically rely on additional external
autoencoder structures, which increase model complexity and the deployment burden on
vehicular edge computing platforms. Meanwhile, under high compression ratios, these
methods struggle to adequately preserve detection-related fine-grained information, such
as object boundaries, spatial locations, and local structures. Motivated by these challenges,
we develop Mamba-KGSC as a lightweight knowledge-guided semantic communication
framework for robust V2V cooperative object detection. At the transmitter, Mamba-KGSC
utilizes the internal time-scale parameters of the Mamba-YOLO-T backbone network to
generate spatial semantic masks, realizing the sparse encoding and transmission of task-
relevant features while avoiding the introduction of complex external codec networks. At
the receiver, a multi-source knowledge base constraint verification module is constructed to
refine the initial detection results by combining physical consistency screening with visual—-
physical spatial joint redundancy suppression, thereby suppressing physically inconsistent
misdetections and repeated detections induced by channel noise. The experimental evalua-
tion indicates that, under a 50% compression ratio, multiple SNR settings, and different
channel models, the front-end semantic communication branch of Mamba-KGSC improves
mAP@0.5:0.95 by an average of 1.90 percentage points over the Deep]SCC baseline. The
multi-source knowledge base constraint verification module further reduces abnormal
and duplicate candidate bounding boxes. Overall, Mamba-KGSC provides a balanced
solution in terms of transmission cost, detection accuracy, model complexity, and physical
consistency, offering a lightweight implementation scheme for robust V2V cooperative
detection in challenging communication environments.

Keywords: semantic communication; V2V cooperative object detection; Mamba;
knowledge-guided; multi-source knowledge base; robust perception

1. Introduction

V2V cooperative object detection can effectively alleviate the issue of incomplete detec-
tion in single-vehicle perception caused by limited fields of view, object occlusion, and dis-
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tant object degradation by sharing sensory information among vehicles, which has attracted
increasing attention as a key topic in cooperative autonomous-driving perception [1,2]. Un-
like single-vehicle object detection, V2V cooperative detection not only relies on the accurate
recognition of traffic objects by front-end models, but also requires sensory information
to be stably transmitted in the Internet of Vehicles (IoV) environment characterized by
high-speed mobility, wireless channel perturbations, and limited bandwidth. Directly
transmitting raw images or high-dimensional dense features incurs high communication
overhead and transmission latency, and increases the computational burden on vehicular
edge nodes, making it difficult to meet the real-time, reliability, and lightweight deployment
requirements of autonomous-driving systems [3,4]. Recent studies on vehicular edge com-
puting and multimodal integrated sensing and communication (ISAC) further indicate that
sensing, communication, and computing resources should be jointly optimized under en-
ergy and latency constraints in highly mobile vehicular environments [5]. This observation
also motivates the development of lightweight perception-communication frameworks
that reduce transmission overhead and deployment burden on vehicular edge platforms.

From the perspective of the information exchange level, existing cooperative percep-
tion methods share raw observations, intermediate semantic features, or decision-level
detection outputs. Among them, intermediate semantic feature sharing provides a practical
trade-off between information richness and communication cost, but it still faces challenges
in feature selection, compression, and reliable transmission under bandwidth-limited and
noisy V2V links. Therefore, how to transmit task-relevant semantic information efficiently
and robustly remains a key issue for improving cooperative object detection in practical
IoV scenarios.

Recent studies on intelligent connected systems and multimodal semantic learning
have investigated task-aware semantic representation and feature integration from multi-
ple perspectives, including driver emotion recognition with personality cues in intelligent
connected-vehicle environments, semantic feature fusion for encrypted retrieval in the Inter-
net of Medical Things, and personality-coupled multimodal sentiment analysis [6-8]. These
works show that task-aware multimodal semantic representation and feature integration
are valuable for complex perception and information-processing scenarios.

Addressing the issue of sensory information transmission under limited bandwidth,
traditional separated source-channel coding (SSCC) typically designs source compres-
sion and channel protection separately, possessing a clear modular structure and a rela-
tively mature theoretical foundation [9,10]. However, under low signal-to-noise ratio or
fast-changing channel conditions, separated communication links are prone to a sudden
performance degradation known as the cliff effect, leading to a significant decline in the
recovery quality of images or features at the receiver, which further affects object detection
performance. Semantic communication (SemCom) provides a new design paradigm for
IoV cooperative perception, where the core objective is no longer the bit-by-bit recovery of
the transmitted content, but rather the extraction and transmission of semantic information
directly relevant to downstream tasks, in order to improve task execution efficiency under
limited communication resources [11].

In recent years, Deep Joint Source-Channel Coding (Deep]SCC) has used end-to-end
neural architectures to jointly learn source representations and channel mappings, showing
strong robustness under low signal-to-noise ratio (SNR) conditions in image transmission
and task-oriented communication scenarios [12-15]. However, existing Deep]SCC-based
methods typically rely on independent external autoencoder structures for feature compres-
sion and recovery, which lengthens the overall computational pipeline and increases the
deployment complexity on vehicular edge platforms. More importantly, external autoen-
coders tend to uniformly compress the overall features. Under high compression ratios, it
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is difficult to explicitly preserve key detection semantics such as foreground object regions,
boundary structures, and spatial location information, which may consequently weaken
the object localization and category discrimination capabilities at the receiver. Therefore,
V2V cooperative object detection requires a lightweight semantic encoding mechanism
tightly coupled with the perception backbone network, enabling limited channel resources
to be prioritized for the transmission of detection-task-relevant features.

In addition to transmission efficiency and detection accuracy, harsh channels also
affect the physical consistency of the detection results at the receiver. Under the influence
of wireless noise and feature perturbations, although the semantic features recovered
at the receiver can still generate candidate objects, they may contain high-confidence
misdetections, targets with unreasonable locations, and repeated detections caused by
fragmented local feature responses. This paper refers to such outputs as abnormal detection
results induced by communication noise, whose typical manifestations include vehicle
candidate boxes falling into non-drivable areas, targets inconsistent with map semantics,
and duplicate detection boxes for the same physical object. For safety-critical autonomous-
driving tasks, relying solely on data-driven feature reconstruction and detection head
outputs is insufficient to fully guarantee the road feasibility, geometric rationality, and scene
consistency of candidate objects. Therefore, it is necessary to introduce traffic scene priors
at the receiver to perform physical consistency verification and redundancy suppression
on the initial detection results.

State Space Models (S§SMs) capture long-range dependencies through hidden state
recurrences, exhibiting high computational efficiency in long sequence representation learn-
ing [16]. Building upon this, Mamba introduces a selective state update and an efficient
scanning mechanism, enabling the model to dynamically adjust the information flow based
on the input content [17]. In the Mamba-YOLO-T backbone network, the state space mod-
eling mechanism can enhance the global context modeling capability of visual features,
and internally generate time-scale parameters related to spatial responses [18]. These
parameters reflect the response differences in various spatial locations to task discrimina-
tion, serving as crucial clues for identifying foreground object regions and constructing
spatial semantic masks. Based on this characteristic, this paper further utilizes the internal
time-scale parameters of Mamba-YOLO-T for task-relevant feature screening, realizing
lightweight endogenous semantic encoding, thereby avoiding the introduction of complex
external codec networks.

The preceding discussion on channel-induced abnormal detections further suggests
that receiver-side result refinement should not rely only on learned visual features, but
should also exploit traffic-scene priors, such as high-definition (HD) maps, geometric
priors, and spatial topological relationships, to verify whether candidate objects satisfy
road semantics and scene-level physical consistency [19-21].

Based on the above analysis, this paper proposes a knowledge-guided lightweight
semantic communication framework for robust V2V cooperative object detection, named
Mamba-KGSC (Mamba-based Knowledge-Guided Semantic Communication). This frame-
work consists of an endogenous semantic encoder at the transmitter, a wireless channel, a
semantic decoder at the receiver, and a multi-source knowledge base constraint verification
module. At the transmitter, Mamba-KGSC utilizes the internal time-scale parameters of the
Mamba-YOLO-T backbone network to generate spatial semantic masks, thereby preserving
and sparsely encoding task-relevant features into a lightweight semantic stream for wire-
less delivery. On the receiver side, the noise-perturbed semantic stream is first decoded
and reconstructed to produce initial detection results. The multi-source knowledge base
constraint verification module is then employed to perform physical consistency screening
and visual-physical spatial joint redundancy suppression on the candidate bounding boxes.
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Through this design, Mamba-KGSC reduces transmission overhead while improving the
robustness and physical consistency of V2V cooperative object detection under harsh
channels. The principal contributions are summarized below:

1.  We develop Mamba-KGSC, a lightweight framework that couples knowledge guid-
ance with semantic communication for V2V cooperative object detection. This frame-
work unifies task-relevant semantic encoding at the transmitter, wireless channel
transmission, semantic decoding at the receiver, and multi-source knowledge base
constraint verification into the same processing pipeline, providing an implementa-
tion scheme with lower computational overhead and easier deployment on vehicular
edge platforms for cooperative object detection under limited bandwidth and harsh
channel conditions.

2. We design an endogenous semantic encoding mechanism based on the internal time-
scale parameters of Mamba-YOLO-T. This mechanism leverages the dynamic re-
sponse information in the state space module to generate spatial semantic masks,
selectively suppressing background redundant features and prioritizing limited chan-
nel resources for transmitting semantic information related to foreground targets,
thereby reducing V2V transmission overhead and enhancing detection stability under
noisy channels.

3. We construct a multi-source knowledge base constraint verification mechanism at the
receiver. This mechanism integrates static map knowledge, geometric priors, spatial
topological constraints, and visual-physical spatial association rules to perform phys-
ical consistency screening and joint redundancy suppression on the initial detection
candidate bounding boxes, thereby reducing physically inconsistent misdetections
and repeated detections caused by channel perturbations.

4. We conduct comprehensive experimental validations for V2V cooperative object de-
tection. By combining the COCO traffic object subset and the OpenCDA /CARLA
cooperative perception scenes, this paper verifies the effectiveness of Mamba-KGSC
from aspects including detection accuracy, transmission overhead, abnormal bound-
ing box suppression, duplicate detection suppression, and computational complexity,
and further analyzes the role of the multi-source knowledge base constraint verifica-
tion in physical consistency screening and result refinement.

The remainder of this paper is organized as follows. Section 2 reviews the related
research work, including V2V cooperative object detection, task-oriented semantic com-
munication, as well as knowledge-driven robust perception and abnormal detection sup-
pression. Section 3 presents the system model of Mamba-KGSC. Section 4 introduces the
Mamba-YOLO-T at the transmitter and the endogenous semantic encoding mechanism.
Section 5 elaborates on the semantic decoding and the multi-source knowledge base con-
straint verification method at the receiver. Section 6 reports the experimental evaluation,
and Section 7 concludes the paper.

2. Related Work
2.1. V2V-Oriented Cooperative Object Detection

V2V cooperative object detection aims to alleviate the performance degradation in
single-vehicle perception caused by occlusion, distant object degradation, and limited
fields of view by sharing sensory information among vehicles, thereby improving the
completeness of environmental perception and object localization accuracy in complex
traffic scenarios [22-24]. Since this improvement is achieved through information exchange
among vehicles, existing cooperative perception methods mainly differ in the level of
exchanged information, including raw-data-level, feature-level, object-level, and decision-
level cooperation. Feature-level methods transmit intermediate representations for cross-
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vehicle alignment and fusion, whereas object-level and decision-level methods exchange
more compact detection outputs or final decisions with lower communication costs [25,26].

To address cross-vehicle spatial alignment and multi-view fusion in cooperative object
detection, existing studies have explored bird’s-eye view (BEV) spatial mapping, extrinsic
parameter calibration, spatio-temporal synchronization, and multi-scale feature fusion.
Relevant methods typically transform the sensory features of neighboring vehicles into a
unified reference coordinate system and enhance cross-vehicle information complemen-
tarity through attention mechanisms, graph structure modeling, or multi-scale fusion
networks [27,28]. In addition, addressing the issue of limited V2V communication re-
sources, some studies have further introduced feature compression, selective sharing,
feature pruning, quantization encoding, or communication scheduling strategies to reduce
the cross-vehicle transmission burden [29,30]. These works indicate that cooperative object
detection depends not only on the visual perception model itself but is also closely related
to information selection, communication resource constraints, and cross-vehicle feature
fusion mechanisms.

However, most existing V2V cooperative detection methods assume that shared infor-
mation can be reliably transmitted between vehicles, or merely simplify the modeling by
treating communication overhead as a static constraint, giving insufficient consideration to
feature degradation and detection anomalies caused by wireless channel noise [31]. In real
IoV environments, bandwidth limitations, channel noise, and transmission perturbations
may lead to the distortion of shared features, which in turn causes issues such as degraded
detection accuracy, cross-category misdetections, repeated detections, and physically incon-
sistent candidate bounding boxes at the receiver. Therefore, cooperative object detection for
practical V2V scenarios still needs to further consider semantic information transmission
under channel corruption, detection robustness under noisy channels, and the physical
consistency of detection results.

2.2. Task-Oriented Semantic Communication

Semantic communication shifts the communication objective from traditional bit-by-bit
recovery to task-oriented semantic information transmission for downstream tasks, provid-
ing a new research paradigm for intelligent perception and cooperative decision-making
under bandwidth-constrained conditions [32-34]. In this direction, Joint Source-Channel
Coding (JSCC) is widely used to simultaneously model the source compression and channel
transmission processes. Furthermore, Deep]SCC, as a deep learning-based JSCC scheme,
jointly learns source representations and channel mappings through end-to-end neural
networks, demonstrating good robustness under low-SNR conditions in scenarios such as
image transmission, visual semantic perception, and task-oriented communication [13-15].
Compared with SSCC, Deep]SCC can alleviate the cliff effect under low-SNR conditions to
a certain extent, and has thus become an important baseline method in semantic communi-
cation research.

Recent object-detection-oriented semantic communication studies have further shown
that COCO-style detection benchmarks and COCO-trained detectors can be used to eval-
uate task-relevant visual semantic transmission. For example, Guo et al. proposed a
multi-scale semantic communication framework for object detection and evaluated task-
relevant semantic feature transmission on the MS-COCO benchmark under AWGN and
Rayleigh fading channels [35]. Safaeipour and Hashemi studied semantic-aware and
goal-oriented wireless image transmission for object detection, where a COCO object-
detection pre-trained model was used to extract object-level semantics [36]. These studies
indicate that COCO-style object detection provides a reasonable evaluation protocol for
image-based semantic communication. Nevertheless, they mainly focus on general object-
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detection-oriented semantic transmission, whereas the present work further considers
V2V cooperative object detection, channel-induced abnormal detections, and receiver-side
knowledge-guided physical consistency verification.

Although Deep]SCC and its extensions have achieved good results in noise-robust
transmission, they still have certain limitations in V2V cooperative object detection scenar-
ios. First, most methods rely on independent external neural codecs for feature compression
and recovery. Although these codecs may improve channel adaptivity, they introduce addi-
tional parameters and floating-point operations (FLOPs), thereby increasing the complexity
of edge-side deployment [37]. For resource-constrained vehicular edge platforms, the addi-
tional codec structure may become a computational bottleneck for real-time cooperative
perception systems. Second, external autoencoders usually perform uniform compression
and non-linear mapping on the overall features, making it difficult to explicitly distinguish
between foreground object regions and background redundant regions. At high com-
pression ratios, fine-grained information relevant to detection, such as object boundaries,
spatial relationships, and local structures, may be weakened, thereby affecting the object
localization and category discrimination capabilities at the receiver [38].

The aforementioned problems are particularly prominent in the cooperative object
detection task. Unlike general image recovery or classification tasks, V2V cooperative
detection not only requires the receiver to recover discriminative semantic features, but also
needs to maintain the stability of object boundaries, spatial locations, and the geometric
structures of candidate bounding boxes. Preserving only the global reconstruction fidelity
of features cannot ensure reliable detection outputs. Therefore, there is still a need for a
lightweight semantic encoding mechanism tightly coupled with the perception backbone
network, enabling limited channel resources to be prioritized for the transmission of task-
relevant semantic features while enhancing detection stability under noisy channels and
reducing transmission overhead.

2.3. Knowledge-Driven Robust Perception and Abnormal Detection Suppression

In autonomous driving and intelligent perception systems, pure data-driven mod-
els are prone to producing anomalous outputs that are inconsistent with the physical
constraints of traffic scenes under conditions of distribution shifts, occlusions, noise per-
turbations, and feature degradation [39]. To enhance the robustness and interpretability
of perception systems, existing research has attempted to introduce external knowledge,
such as HD maps, geometric priors, spatial topological relationships, knowledge graphs,
or rule bases, to impose additional constraints on visual detection results [19,20]. Such
knowledge-driven methods can, to a certain extent, compensate for the limitations of pure
visual models in physical consistency reasoning, and have been applied to tasks such as
drivable-area constraint verification, static obstacle recognition, scene semantic enhance-
ment, and multi-source perception fusion. Recent studies on physics-guided transportation
intelligence further indicate that traffic-domain physical rules and spatio-temporal priors
can be combined with graph neural networks to enhance traffic-state modeling and predic-
tion reliability [40]. In addition, online HD map construction methods such as HDMapNet
provide structured map priors that can support map-based scene understanding and
physical constraint reasoning in autonomous-driving systems [20].

In terms of methodology, knowledge-driven perception methods can be broadly di-
vided into two categories. One category utilizes HD maps, road boundaries, or geometric
constraints to filter out anomalous targets projected onto buildings, vegetation, non-road
areas, or other non-navigable regions during the post-processing stage. The other category
leverages knowledge graphs, scene graph reasoning, or semantic relationship modeling
to verify the contextual relationships, spatial topological relationships, and category con-
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sistency among candidate targets, thereby enhancing the interpretability and robustness
of models in complex traffic scenarios [41]. These studies indicate that external knowl-
edge constraints play an important role in suppressing misdetections, enhancing scene
understanding, and ensuring the semantic and logical consistency of perception results.

However, most existing knowledge-driven perception methods are designed for con-
ventional autonomous-driving perception, localization, or planning tasks, and their integra-
tion with semantic communication receivers remains insufficient. In particular, under harsh
V2V channel conditions, the semantic features decoded at the receiver may simultaneously
contain physical location anomalies, category-inconsistent misdetections, and repeated
detections caused by fragmented local feature responses, which can all be induced by
channel noise. Existing research has not yet fully considered how, after semantic feature
reconstruction and initial detection, to jointly apply static map knowledge, geometric priors,
spatial topological constraints, and visual-physical spatial association rules for result verifi-
cation and candidate bounding box refinement. Therefore, V2V semantic communication
requires receiver-side knowledge constraint mechanisms that can jointly verify physical
consistency and refine candidate bounding boxes after semantic feature reconstruction.

To further clarify the relationship between Mamba-KGSC and existing studies, repre-
sentative research directions are compared in Table 1, including Deep]SCC-based semantic
communication [12-15], task-oriented semantic communication [32-34,38], communication-
efficient cooperative perception [25,26,28,30], and knowledge-driven robust percep-
tion [19,20,40,41].

Table 1. Qualitative positioning of Mamba-KGSC in relation to representative related research

directions.
Comparison Aspect DJSsCC TO-SC CE-CP KD-P Ours
External codec 4 A - - -
Backbone semantic mask - - A - Vv
Noisy-channel robustness v A A - Vv
Knowledge verification - - - Vv Vv
V2V detection focus A A Vv A v

Note: DJSCC denotes Deep]SCC-based semantic communication; TO-SC denotes task-oriented semantic commu-
nication; CE-CP denotes communication-efficient cooperative perception; KD-P denotes knowledge-driven robust
perception. 4/ indicates that the corresponding aspect is explicitly considered, A indicates that it is partially
involved or indirectly related, and - indicates that it is not the main focus.

3. Mamba-KGSC System Model

This section presents the system model of Mamba-KGSC and describes its task-
oriented semantic communication mechanism from three perspectives: system architecture,
end-to-end information transmission process, and optimization objectives. Considering a
typical V2V cooperative object detection scenario, the transmitter vehicle first acquires RGB
images from onboard cameras and extracts task-relevant visual semantic features through
a perception backbone network. Subsequently, the internal time-scale parameters of the
Mamba-YOLO-T backbone network are used to generate spatial semantic masks, such that
detection-informative regions are retained and organized into a sparse semantic stream for
wireless delivery. At the receiver, the channel-corrupted sparse semantic stream is decoded
and reconstructed to produce initial detection results, after which the multi-source knowl-
edge base constraint verification module performs physical consistency screening and
visual-physical spatial joint redundancy suppression to obtain robust detection outputs.

For readability, the main notations used in the proposed Mamba-KGSC framework
are summarized in Table 2.
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Table 2. Summary of main notations used in the proposed Mamba-KGSC framework.
Symbol Description
Feature representation and semantic encoding
X Input RGB image captured by the transmitter vehicle.
Hy, Wo Height and width of the input image.
I,L Feature scale index and the total number of multi-scale feature layers.
F() Visual semantic feature map at the I/-th scale.
C, H;, W, Channel number, spatial height, and spatial width of FO),
Act Channel-specific time-scale parameter at sequence position ¢.
Al Spatial time-scale parameter map at the /-th scale.
Pi(;) Semantic preservation probability at spatial location (i, f).
Ml(’].) Binary semantic mask value at spatial location (7, ).
«, Fixed scaling and translation factors in the sigmoid-based probability mapping.
T Predefined semantic mask threshold used for binarization.
¥ Sparse semantic feature representation at the /-th scale.
rg() Feature-level transmission ratio at the [-th scale.

Wireless transmission and decoding
& Packed channel input representation and the channel-corrupted representation

55 at the receiver.
Channel fading coefficient matrix.
z Additive Gaussian noise term.
D(+) Semantic decoding and feature reconstruction operation at the receiver.
FO Reconstructed feature map at the I-th scale.
Qb Ao Retained coordinate set at the transmitter and decoded valid coordinate set at

the receiver.

Detection and knowledge-based verification

Binit Initial candidate bounding box set generated by the detection head.
Binal Final detection result set after knowledge-based verification.
b; The i-th candidate bounding box.
pi Pi 3D physical anchor and its 2D ground-plane projection.
4 Map semantic label intersected by the semantic ray of candidate b;.
K Multi-source knowledge base.
G(;K) Knowledge-based constraint verification and result refinement process.
Vo Voo Violation indicator functions for lane, geometric, and semantic raycasting con-
lanes ¥geos “hit straints.
Ryp () Visual-physical repetition indicator function.
Image-plane and physical-plane distance thresholds for joint redundancy sup-
Timg/ Tphy pression.

Optimization and evaluation

Liask Object detection task loss.
Rsparse (Y) Transmission rate of the sparse semantic stream.
Tow Upper limit of the available system bandwidth.
Otrain Trainable parameter set in the semantic encoding and initial detection pipeline.

3.1. System Architecture

As shown in Figure 1, Mamba-KGSC consists mainly of three parts: the transmitter, the
wireless channel, and the receiver. Specifically, the transmitter is responsible for extracting
and screening task-relevant semantic features from input images. The wireless channel
models the channel perturbations, including additive noise and fading effects, during the
V2V transmission process. The receiver further includes a semantic decoding and initial
detection module, as well as a multi-source knowledge base constraint verification module.
Unlike Deep]SCC schemes that rely on external autoencoders, Mamba-KGSC embeds the
semantic screening and sparse encoding process within the perception backbone network
and introduces a knowledge constraint verification mechanism at the receiver, thereby
simultaneously reducing transmission overhead and enhancing the physical consistency of
the detection results.
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Figure 1. Overall architecture of the Mamba-KGSC system model.

1.

Transmitter-side endogenous semantic encoding. Given an RGB image captured by
the vehicle, this module uses the Mamba-YOLO-T backbone to extract multi-scale
visual features together with the associated time-scale parameters. Subsequently, the
system generates spatial semantic masks based on the time-scale parameters and
screens task-relevant features through element-wise gating operations to obtain a
sparse semantic stream for transmission. This process directly reuses the internal
response information of the perception backbone network, avoiding the introduction
of additional complex external codec networks. The specific implementation of this
process is introduced in Section 4.

Wireless channel. The sparse semantic stream is packed to form the channel input
representation and is subjected to channel perturbations during the V2V wireless
transmission process. During basic system modeling and noise-aware training, addi-
tive white Gaussian noise (AWGN) is adopted to model transmission perturbations
under different SNR conditions. To further examine the robustness of the proposed
method under fading environments, Rayleigh and Rician fading channels are also
considered in the experimental evaluation. This setting is used to simulate the IoV
transmission environment under bandwidth limitations, noise perturbations, and
typical fading perturbations.

Semantic decoding and initial detection at the receiver. The receiver first decodes the
corrupted sparse semantic representation and reconstructs it into multi-scale visual
features. Subsequently, the reconstructed features are fed into the feature pyramid
network (FPN) and detection head to generate initial candidate detection results.
Since scene-level physical constraints have not yet been incorporated at this stage,
the initial results may contain abnormal candidate bounding boxes, cross-category
misdetections, and repeated detections induced by channel perturbations.
Multi-source knowledge base. The multi-source knowledge base module compre-
hensively utilizes HD maps, geometric priors, spatial topological constraints, and
visual-physical spatial association rules to perform physical consistency screening and
joint redundancy suppression on the initial candidate bounding boxes. This module
adopts a lightweight rule-based verification approach, which is mainly used to elimi-
nate abnormal candidate bounding boxes with unreasonable physical locations and
suppress repeated detections caused by channel-induced local feature perturbations.
The specific rules are detailed in Section 5.
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Through the above architecture, Mamba-KGSC integrates task-relevant semantic en-
coding, noisy channel transmission, semantic recovery at the receiver, and knowledge
constraint verification into a unified processing pipeline, providing a lightweight imple-
mentation framework with physical consistency constraints for V2V cooperative object
detection under harsh communication conditions.

3.2. V2V Cooperative Object Detection Process

Based on the above system architecture, the end-to-end information transmission
process of Mamba-KGSC can be divided into the following four stages.

Step 1: Semantic sparse encoding at the transmitter. Let the RGB image captured by
the transmitter vehicle be:

X € ]RHOXWOX?), (1)

where Hy and Wy specify the image height and width. Passing X through the Mamba-
YOLO-T backbone yields the following multi-scale visual feature set:

L
7= {F( )}1:1' @
where L is the number of feature scales, and F(!) € R€*H*Wi is the feature map at the I-th
scale. The symbols C;, H;, and W, correspond to the channel number, height, and width of
this feature map, respectively.
The transmitter constructs the spatial semantic mask M) based on the time-scale
parameters generated internally by the backbone network and performs sparse encoding
on the visual features at the [-th scale:

¥v() = FO o MO, ?3)

where M) € {0,1}*Wi represents the two-dimensional spatial semantic mask at the
I-th scale, and ® denotes element-wise multiplication. When multiplied by F(), M{) is
broadcast along the channel dimension to match the dimensions of F(*). () represents
the sparse semantic features at the /-th scale filtered by the semantic mask. The cross-scale
sparse semantic representation can be denoted as:

¥ — {T(”};. 4)

Step 2: Wireless channel transmission. The sparse semantic representation ¥ is packed
to form the channel input representation to be transmitted:

S ="P(¥), )

where P(-) denotes the packing operation of the sparse semantic stream. During transmis-
sion, the perturbed representation obtained by the receiver can be written as:

S=HOS+2Z (6)

where H denotes the channel fading coefficient matrix with the same dimensions as S, ®
denotes element-wise multiplication, Z ~ N(0,02I) represents additive white Gaussian
noise, I is the identity matrix, S represents the perturbed semantic representation obtained
by the receiver, and 02 is the noise variance. For the AWGN channel, H reduces to an
all-one matrix. For the Rayleigh and Rician fading channels, H is generated according to
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the corresponding unit-average-power fading distribution, and the Rician K-factor is set to
2 on a linear scale in the experiments.

Step 3: Semantic decoding and initial detection at the receiver. The receiver decodes
the sparse semantic representation from the perturbed representation S and reconstructs
the multi-scale feature set:

¥=D(S), )
. (et

F= {F( )}1:1’ ®)
where D(-) denotes the semantic decoding and feature reconstruction operation at the
receiver, ¥ represents the decoded sparse semantic representation, F represents the recon-
structed multi-scale feature set, and F(/ ) represents the reconstructed feature map at the /-th
scale. Subsequently, the reconstructed features are fed into the detection head to generate

the initial detection result set:

Binit = H(F) = {b;} N, 9)

where (-) denotes the output mapping of the detection head, Njnit denotes the number of
initial candidate bounding boxes, and b; represents the i-th candidate bounding box vector.

Step 4: Multi-source knowledge base constraint verification. To improve the physical
consistency of the detection results, the initial detection set Biy;; is fed into the multi-source
knowledge base module. This module combines static map knowledge, geometric priors,
spatial topological constraints, and visual-physical spatial association rules to verify and
refine the candidate objects, obtaining the final detection results:

Bfinal = g(Binit/' ’C); (10)

where IC represents the multi-source knowledge base, G (-; ) denotes the constraint verifi-
cation and result refinement process based on the multi-source knowledge base, and B,
represents the final detection result set. Through this step, the system can eliminate physi-
cally inconsistent abnormal candidate bounding boxes and suppress repeated detections.
The overall process indicates that Mamba-KGSC reduces the transmission overhead
through sparse semantic encoding at the transmitter, and enhances the physical consis-
tency and robustness of the detection results through knowledge constraint verification
at the receiver. Unlike semantic communication schemes that solely rely on end-to-end
feature reconstruction, this framework simultaneously considers task-relevant semantic
preservation, robustness to channel noise, and physical constraints in traffic scenes.

3.3. Problem Modeling and Optimization Objectives

From the perspective of task-oriented semantic communication, the objective of
Mamba-KGSC is to learn an effective sparse semantic representation for the object de-
tection task under limited transmission resources and noisy channel conditions, and to
obtain reliable and physically consistent detection results at the receiver. It should be noted
that the perception backbone network, semantic mask generation at the transmitter, and the
initial detection pipeline at the receiver contain trainable parameters. By contrast, the multi-
source knowledge base constraint verification module mainly serves as a rule-based result
refinement process at the receiver and does not participate in gradient optimization. Its
role is reflected in performing physical consistency screening and redundancy suppression
on the initial candidate bounding boxes.

Let L, denote the object detection task loss, Rsparse('¥) denote the transmission
rate of the sparse semantic stream ¥, Yyt denote the ground truth annotations, C denote
the channel perturbation process, and ®y,in denote the parameter set in the trainable
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semantic encoding and initial detection pipeline, for which the optimization objective can

be written as:
min IEX,C [[’task (Binit/ Ygt)]
®train (11)
s.t. Rsparse(Y> S Tow

where T, represents the upper limit of the available system bandwidth, and Ex ¢[:] de-
notes the mathematical expectation over the input image distribution and the channel
perturbation process. In the noise-aware training stage, C is instantiated by AWGN per-
turbations, while in the fading-channel evaluation, C further includes Rayleigh or Rician
fading coefficients together with additive noise. This objective indicates that, while sat-
isfying the transmission rate constraint, the model needs to learn task-relevant semantic
representations that are robust to channel perturbations, thereby improving the accuracy of
the initial detection results at the receiver.

After completing the initial detection, the multi-source knowledge base module further
performs rule-based constraint verification and result refinement on Bjy¢, obtaining the
final detection results:

Binal = G (Binit; K), (12)

where K represents the multi-source knowledge base, and G(+; K) denotes the knowledge
constraint verification process. As a rule-based verification stage at the receiver, this
process utilizes static map knowledge, geometric priors, spatial topological constraints,
and visual-physical spatial association rules to perform physical consistency screening and
joint redundancy suppression on the initial candidate bounding boxes. Therefore, the final
detection performance of Mamba-KGSC is evaluated by Bg;,,;, while the optimization of
the trainable pipeline primarily acts on the transmitter’s semantic encoding, channel-robust
feature learning, and the initial detection output.

To enhance the detection stability of the model under different channel conditions, this
paper further adopts a two-stage noise-aware training strategy. The first stage performs
basic detection fine-tuning on Mamba-YOLO-T without injecting channel noise, allowing
the model to adapt to the traffic object detection data and input scale settings. The second
stage takes the optimal weights from the first stage as initialization, introduces additive
white Gaussian noise perturbations during the training process, and employs a curriculum-
based SNR sampling strategy for noise-robust fine-tuning. The Rayleigh and Rician fading
channels are further used in the experimental evaluation to examine the cross-channel
robustness of the trained model without introducing additional channel-specific retraining.
The complete training procedure will be presented in Section 5.

4. Endogenous Semantic Encoder

To reduce the V2V semantic transmission overhead without significantly increasing
the computational burden on vehicular edge devices, this paper adopts Mamba-YOLO-T as
the perception backbone network at the transmitter and constructs an endogenous semantic
encoder. Unlike Deep]SCC methods that rely on independent external autoencoders, the
proposed encoder does not introduce additional complex compression networks. Instead,
it directly utilizes the time-scale parameters generated internally by the state space module
of Mamba-YOLO-T to construct spatial semantic masks. This design enables task-relevant
region screening to be completed simultaneously with the feature extraction process of
the backbone network, allowing limited channel resources to be prioritized for trans-
mitting foreground semantic information related to object detection. Within the overall
Mamba-KGSC pipeline, the endogenous semantic encoder is embedded into the backbone
feature extraction process rather than appended as an isolated post-processing compression
module. It should also be noted that the transmitter-side sparse semantic encoding is
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guided by the endogenous time-scale responses of Mamba-YOLO-T, while the multi-source
knowledge base is introduced at the receiver side to guide physical consistency verification
and candidate-box refinement after semantic decoding, rather than directly updating the
transmitter-side encoder.

4.1. Extraction of Endogenous Time-Scale Parameters

Traditional convolutional neural networks mainly rely on local convolutional kernels
to model spatial neighborhood relationships. To capture long-range spatial dependencies, it
is usually necessary to expand the receptive field through deeper network stacking. Mamba
performs state space modeling on visual sequences through a two-dimensional selective
scanning mechanism and can obtain global context information with lower computational
complexity. After image patch partitioning and linear projection, the input RGB image
is represented as a one-dimensional visual sequence, where the sequence position ¢ cor-
responds to a spatial patch or feature location in the image. The SSM module updates
the hidden state using the input feature x; at this position and further generates the corre-
sponding output. The overall process of endogenous semantic mask generation and sparse
semantic encoding is illustrated in Figure 2.

Sparse Semantic Encoding and
Transmission

Endogenous Parameter Extraction

(Mamba-YOLO-T Backbone) Mask Generation Pipeline

— Fused Parameter Map Visual Feature

B FO ¢ R Encoded Feature ¥
Sl At
3 o
1) v
A Norm & Sigmoid
= Channel Activation
- Mean &
b . ol il | fo Broadens
/" "$S2D Branch in SEE oo lity Map across all
Input | 1 i €6 Channels
e ODSSBlock BNy pay pay R
Feature x E SN Binarization %
| i ® (Threshold 7,,) &A))
! Linear Proj. and A Extraction 1 A
' i To
VA, :[SOﬂPh‘S(W;Xr +hA)J ,; b~ i u L Wireless
N AP S 1'. Spatial Mask . Channel
e M (Broadcast across Sparse Semantic
A Spatial Mask all Channels) Sueanih
M e {0,177

Figure 2. Endogenous semantic mask generation and encoding mechanism based on the Mamba-
YOLO-T backbone network.

A key parameter in the Selective Scan 2D (SS52D) module is the time-scale parameter

A¢, which participates in the discretization process of the continuous state space model

and provides a response cue for subsequent spatial semantic mask generation. Specifically,

the time-scale parameter A, for a specific channel is dynamically generated based on the
current input feature:

Act = [softplus(Wax; +ba)],, (13)

where W, and by denote the learnable weight matrix and bias vector of the linear projec-
tion layer, respectively, x; represents the input feature at sequence position t, ¢ denotes the
channel index, [-]. denotes the extraction of the c-th channel component of the vector, and
softplus(-) is used to ensure that the generated time-scale parameter is non-negative. A re-
flects the state update scale of the state space module across different channels and sequence
positions, which can serve as an internal representation of spatial response differences.

In Mamba-YOLO-T, the S52D mechanism scans the two-dimensional feature represen-
tation from Ng;, = 4 directions to capture non-causal spatial context. To generate a unified
two-dimensional spatial response map, the time-scale parameters from the four scanning
branches are aggregated uniformly. First, the time-scale parameters are averaged along the
channel dimension to obtain a scalar response for each sequence position. Subsequently,
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an element-wise average is performed across different scanning directions to mitigate

_ 1 Niir 1 &
A Y (=LAl (14)
CA c=1

Nir k=1

directional bias:

(k)

c,t
generated by the k-th scanning branch at sequence position t. The directionally averaged

where C, is the channel dimension of the parameter tensor, and A, is the parameter
parameter A; is then reshaped back into a two-dimensional spatial format. Therefore, at
each feature pyramid scale /, the model obtains a pair of scale-specific representations,
including the visual semantic feature map F(!) € RC*H Wi and the corresponding spatial
time-scale parameter map A) € RFEI*Wi_ Here, C; is the channel number of F(), while H;
and W, specify the shared spatial height and width of F() and A().

4.2. Semantic Mask Generation and Encoding

Because the dynamic range of the time-scale response maps A varies significantly
across different network layers, directly applying a threshold to the raw time-scale re-
sponse maps would lead to severe feature imbalance. Therefore, spatial statistics-based
normalization is first performed on A, mapping it into a continuous probability space:

o8-

PY = Sigmoid [ a—L— >~
K U(A(l)> +e€

+B|, (15)

where Al(,l.) is the scalar value of the parameter map at spatial location (i,]) at scale I,
i denotes the height index, j denotes the width index, Sigmoid(-) is used to map the
normalized parameters into the (0,1) interval, y(-) and o(-) are the spatial mean and
standard deviation of the parameter map A", a and B are the scaling and translation
factors, respectively, and € is a small constant used to prevent division-by-zero errors. In
the implementation, « and B are treated as fixed hyperparameters rather than learnable
parameters. The scaling factor a controls the steepness of the sigmoid mapping and adjusts
the contrast between high-response and low-response regions, while the translation factor
B controls the global offset of the preservation probability. In this work, B is set to zero
to avoid introducing an additional global bias, and « is selected as a moderate fixed
value to enhance semantic contrast without making the mask overly sensitive to small
response fluctuations. The semantic mask threshold T, is used to control the sparsity of
the binary mask and thus determines the corresponding feature-level transmission ratio
and compression ratio. The obtained Pg-) € (0,1) represents the semantic preservation
probability response at spatial location (i, j), which is used to measure the likelihood of the
feature at that location being preserved for transmission.

To reduce transmission overhead, this paper sets a predefined semantic threshold T,
to binarize the probability response map into a two-dimensional spatial semantic mask:

M) =1(P > 7), (16)

where [(-) denotes the indicator function. When Ml(l])
spatial location (i, j) is preserved. When Ml(l]) = 0, it indicates that the background redun-

= 1, it indicates that the feature at

dant feature at this location will be suppressed prior to transmission. During the two-stage
noise-aware training, «, B, and T, are kept fixed and are not updated by backpropagation.
This design keeps the compression ratio and communication overhead controllable across
different SNR conditions, while the backbone parameters of Mamba-YOLO-T are optimized
to learn more noise-robust feature representations. A larger T, preserves fewer spatial
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feature vectors and reduces communication overhead, whereas a smaller T, retains more
features and may better preserve detection details at the cost of higher transmission load.
Subsequently, sparse semantic encoding is realized through the Hadamard product
between the visual feature map and the spatial semantic mask:
O _ ()

Yo =Fij M, (17)
where ¢ € {1,. .., Cl} denotes the channel index of the visual feature map at the /-th
scale, F, (l.). j represents the original visual feature of channel c at spatial location (i, j), and

(l )

is equlvalent to broadcasting the two-dimensional spatial semantic mask across all C;

represents the binary semantic mask at the corresponding location. This operation

channels. Through this gating mechanism, background redundant features at locations with
low semantic responses are suppressed before transmission, thereby reducing irrelevant
information entering the semantic stream.

Finally, the system adopts a sparse storage strategy, packing only the non-zero feature
vectors and their two-dimensional spatial coordinate indices (i, j) into the sparse semantic
stream for transmission. The sparse semantic representations across all scales are uniformly
denoted as:

Y= {Tm }1 1 (18)

where L denotes the number of multi-scale feature layers, and ¥(") represents the sparse
semantic feature representation at the /-th scale filtered by the semantic mask. This defi-
nition also provides a unified input representation for the semantic decoding and feature
reconstruction process at the receiver in Section 5. Compared with transmitting the dense
feature map F(!), the proposed sparse semantic encoding only transmits the spatial feature
vectors whose mask value is equal to one. Therefore, the feature-level transmission ratio at
the I-th scale can be expressed as:

[ W
(l) 2 Z (19)
1 —

0

tx
explicitly shows that the communication overhead is reduced by decreasing the number of

and the corresponding feature-level communication saving ratiois 1 — r;,’. This formulation
transmitted spatial feature vectors rather than uniformly compressing all feature responses.

The aforementioned process can be viewed as a lightweight semantic source screening
mechanism. The time-scale parameters are used to generate spatial semantic masks to
selectively preserve task-relevant foreground features and suppress background redun-
dancy. Therefore, the reduction in communication overhead does not come from random
feature dropping or uniform feature compression, but from the selective transmission
of spatial locations that are more relevant to foreground objects, object boundaries, and
localization cues. Meanwhile, the noise-aware curriculum training enables the backbone
network to learn feature representations that are more stable against wireless channel noise
through progressive perturbations from high-SNR to low-SNR conditions. Compared
with Deep]SCC methods that rely on external autoencoders for feature compression, this
mechanism directly reuses the time-scale parameters inside the perception backbone net-
work to complete semantic feature screening and sparse encoding, avoiding reliance on
complex external compression networks. As a result, Mamba-KGSC can reduce feature-
level communication overhead while preserving detection-related semantic information,
which helps maintain object detection accuracy under bandwidth-constrained and noisy
channel conditions.
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5. Semantic Decoding and Multi-Source Knowledge Base
Constraint Verification

In a noisy V2V communication environment, the sparse semantic stream obtained at
the receiver is subjected to channel perturbations, leading to local degradation of the recon-
structed features. Although the detection head can still output candidate targets, the initial
detection results may contain physically inconsistent misdetections, cross-category misde-
tections, and repeated candidate bounding boxes induced by channel noise. To improve the
reliability of the detection results at the receiver, this paper constructs a receiver processing
pipeline consisting of semantic decoding and multi-source knowledge base constraint
verification. In this pipeline, the semantic decoder recovers the perturbed sparse semantic
stream into multi-scale features usable by the detection head. The multi-source knowledge
base constraint verification module further integrates static map knowledge, geometric pri-
ors, spatial topological constraints, and visual-physical spatial association rules to perform
physical consistency screening and result refinement on the initial detection results.

5.1. Semantic Decoder

At the [-th scale, the sparse semantic data generated at the transmitter are defined as:
NN .
¥ = {(Gi) ) | Gjeal, 0)

where Q) is the valid coordinate set retained at scale I, and t[Ji(lj) € RS is the non-zero
semantic vector corresponding to location (i, j). After passing through the wireless channel,
the receiver obtains the following channel-perturbed sparse semantic representation:

) _ {((i,j),fbg,lj)) | (i,) € ()(l)}, (21)

where Q) indicates the coordinate set that is successfully decoded at the receiver, while
17}1(1]) denotes the corresponding semantic vector after channel perturbation.

At scale I, the reconstructed feature map is denoted by F() € RGO*HXW; where C,
Hj, and W correspond to the channel number, spatial height, and spatial width. The

reconstruction rule is written as:

08
08

>

FOG i, ) =

NOB
Vi (1./]) 22)
L

S
0C1/ ( ]) g

o

where F()(:, i, j) refers to the reconstructed channel vector at spatial position (i, j) at scale
1, OO is the decoded valid index set, l:[)l(l]) is the received semantic vector after noise
perturbation, and 0, denotes a C;-dimensional zero vector. This rule places the received
sparse features back into their original spatial positions and fills the missing background
positions with zeros, producing complete reconstructed feature maps across scales. After
performing the aforementioned feature reconstruction for all scales, the receiver can obtain
the reconstructed multi-scale feature set:

F= {F“)}L , (23)

=1

where L denotes the number of multi-scale feature layers, and F(!) represents the recon-
structed feature map recovered at the [-th scale. Subsequently, the reconstructed semantic
features are fed into the feature pyramid network and detection head to generate the initial

detection result set:
Binit = H(F) = {b;};25", (24)
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where Nipit denotes the number of initial candidate bounding boxes, and a single candidate
bounding box is denoted as:
b; = (x,yi, wi, hi, ¢i, si), (25)

where (x;,y;) are the center coordinates of the candidate bounding box, w; and h; denote
the width and height, respectively, c; is the predicted category, and s; is the corresponding
confidence score. This stage focuses on generating initial candidate detection results from
the reconstructed features but does not yet incorporate scene-level physical constraints.
Therefore, Binit may still contain abnormal candidate bounding boxes and repeated detec-
tion results.

5.2. Multi-Source Knowledge Base

Because monocular RGB detection results themselves do not contain explicit depth
information, this paper utilizes camera poses, vehicle poses, and semantic map information
in the cooperative driving simulation environment to perform semantic raycasting for
each 2D candidate bounding box. Specifically, the system takes the bottom center of the
candidate bounding box as the image-domain reference anchor and generates a semantic
ray along the projection direction based on the camera imaging model and scene coordinate
transformation relationships. It then obtains the corresponding physical anchor vector
p; and the map semantic label /; intersected by the semantic ray in the map space. This
approach avoids dense retrieval of large-scale HD map polygons, while providing a unified
physical reference for subsequent road semantic constraints, geometric constraints, and
visual-physical spatial joint redundancy suppression.

To improve the physical consistency and scene consistency of the detection results
at the receiver, this paper introduces a multi-source knowledge base module on top of
the initial detection results. Unlike a single visual post-processing method, this module
integrates multi-source heterogeneous prior information to perform physical consistency
verification and result refinement on candidate targets. This paper defines the multi-source
knowledge base as:

K= {K:map/ ICgeo; ICtopo; Icassoc}/ (26)

where Kmap denotes the static scene knowledge provided by the HD map, Kgeo denotes
the category-related geometric prior knowledge, Kiopo denotes the spatial topological
constraints between the target and the road space, and Kyssoc denotes the visual-physical
spatial association rules used to suppress repeated detections.

For any initial candidate bounding box b; € Bipj, the system first maps it to the global
physical space to obtain its corresponding 3D physical anchor vector:

pi = T1(b;) = (X;, Y3, Z))", (27)

where I'l(-) denotes the spatial projection mapping jointly determined by camera parame-
ters, vehicle pose information, and scene coordinate transformations, p; € R3 represents
the 3D physical anchor of the candidate bounding box b; in the global physical coordinate
system, and Xj, Y;, and Z; represent its 3D coordinate components, respectively. Based
on this anchor, the system further performs a semantic query based on the static map
knowledge to obtain its corresponding map semantic label:

b= ‘P(Pi} ’Cmap)/ (28)

where ¢(+) denotes the semantic query operator based on spatial indexing, and ¢; represents
the scene semantic label corresponding to the anchor p;, such as a drivable area, vegetation,
pole, building, or pedestrian area.
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Based on this, the multi-source knowledge base does not merely rely on visual con-
fidence for screening, but jointly evaluates the spatial location, geometric morphology,
and semantic consistency of the candidate targets through the joint modeling of b;, p;,
and /;, thereby providing unified knowledge support for subsequent rule verification and
result refinement. The overall processing pipeline of the multi-source knowledge base
for the initial detection results at the receiver is shown in Figure 3. This pipeline first
completes feature reconstruction and initial candidate bounding box generation from the
corrupted semantic stream, and subsequently integrates static map knowledge, geometric
priors, and spatial topological constraints to perform physical consistency verification and
visual-physical spatial joint redundancy suppression on the candidate targets, ultimately
outputting the refined detection results.

Block 2: Multi-source
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Figure 3. Multi-source knowledge base-driven result verification pipeline at the receiver.

5.3. Physical Consistency Verification Rules

To improve the physical consistency of the initial candidate detection results, this
paper formalizes the multi-source knowledge base constraint verification into the following
four categories of rules. First, the vehicle category set is defined as C,.p, the drivable area
set in the map is defined as M g,iye, and the static obstacle semantic set incompatible with
the target category c; is defined as Cf(cfﬁn 4- Based on this, physical consistency verification is
performed on each candidate bounding box b; = (x;, y;, w;, hj, c;, s;), where (x;,y;) denotes
the center coordinates of the candidate bounding box, w; and /; denote the width and height,
respectively, c; denotes the predicted category, and s; denotes the detection confidence.

(1) Drivable-area semantic constraint. For vehicle-class targets, if their projected anchor
does not lie within the drivable area, they are considered to violate the road semantic
constraint. The corresponding violation indicator function is defined as:

1, ¢el d p; € Marives
Vlane (bl) _ Cj ve.h and p; ¢ drive (29)
0, otherwise,

where C.p, denotes the vehicle category set, M g.iye denotes the drivable area set in the
map, and p; = (X;, Y;)T represents the 2D physical anchor position on the global ground
plane after the semantic raycasting of candidate bounding box b;. When ¢; € Cyq, and
Pi € Marive, the candidate bounding box is determined to violate the road semantic
constraint, eliminating abnormal vehicle-class candidate bounding boxes appearing in
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non-road areas, such as floating vehicles or vehicle candidates erroneously falling inside
building areas.

(2) 2D geometric envelope constraint. To suppress extremely deformed candidate
bounding boxes caused by noise perturbations, the aspect ratio of the candidate bounding
box is defined as:

Wi
= 30
Let the reasonable aspect ratio interval corresponding to category c; be {'h(flir)l, %(I?a)x} . Then
the geometric violation indicator function can be written as:

Vge0<bi) = H('Yi ¢ [’Yfflﬁ)v 'Yr(rclla)x] )r (31)

where w; and h; denote the width and height of the candidate bounding box, respectively,
and I(+) is the indicator function. This constraint is used to identify abnormal detection
results that clearly do not conform to the shape distribution of real objects, such as extremely
flat pedestrians or extremely elongated vehicles.

(3) Semantic raycasting constraint. For each candidate bounding box, its physical
anchor p; corresponds to a map semantic label ¢; intersected by the semantic ray. If this
label belongs to the static obstacle semantic set incompatible with the candidate category c;,
the candidate target is considered to violate scene semantic consistency. The corresponding
violation indicator function is defined as:

Vhit(bi) = H(fz S Cf(((;]l;‘])jid)’ (32)

(ci)

where I(-) is the indicator function, and C;_; ., denotes the static obstacle semantic set
incompatible with the candidate category c;. When ¢; € C f%;%n 4- the candidate bounding box
is determined to have an inconsistency between its category and the scene semantics. This
constraint verifies the category and scene semantic consistency of the candidate target by
establishing the association among the candidate bounding box, physical anchor, and map
semantic label. For example, when a candidate bounding box is predicted as a pedestrian,
but the map semantic label intersected by its semantic ray is a static obstacle such as a pole,
this candidate result is determined to be inconsistent in category and scene semantics.

(4) Visual-physical spatial joint non-maximum suppression (NMS) constraint. Under
severe channel noise perturbations, the local feature responses of the same real target may
become fragmented, causing the detection head to generate multiple repeated candidate
bounding boxes at similar image locations or similar physical anchors. To this end, this
paper defines the visual-physical spatial repetition determination function as:

Rvp(birbj) = H(qu - q]”z < Timg or le - P]Hz < Tphy)r (33)

where I(-) is the indicator function, q; = (u;,v;)T and q; = (uj, Uj)T denote the bottom
center anchors of candidate bounding boxes b; and b; in the image plane. p; = (X;, ;)T
and p; = (X;, Yj)T denote the physical anchor positions on the global ground plane
after the semantic raycasting of candidate bounding boxes b; and b;. || - ||2 denotes the
Euclidean norm. Timg and 7,y denote the image plane distance threshold and physical
plane distance threshold, respectively. If Ryp, (b;,b ]-) = 1, it indicates that the two candidate
bounding boxes are close enough in either the visual domain or physical space, and can be
regarded as repeated candidates generated by the same real target or the same local noise
response. The main parameter settings used in the multi-source knowledge base constraint

verification module are summarized in Table 3. These parameters are fixed during the
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experiments and are used for physical consistency screening and visual-physical spatial
redundancy suppression.

Table 3. Main parameter settings of the multi-source knowledge base constraint verification module.

Parameter Setting
Lane-semantic constraint Enabled
2D geometric prior constraint Enabled
Semantic raycasting constraint Enabled
Visual-physical joint NMS Enabled
Image-plane NMS distance threshold Timg 15 pixels
Physical-plane NMS distance threshold 7,y 1.5m
Pedestrian aspect-ratio interval [0.15,0.65]
Default vehicle size prior 47mx19mx15m
OpenCDA /CARLA town Town06
Static map query radius 50 m

Synthesizing the above rules, the candidate set after physical consistency screening
can first be defined as:

Bvalid = {bi € Binit | Vlane(bi) + Vgeo(bi) + Vhit(bi) = O}r (34)

where Biyit denotes the initial candidate bounding box set generated by the detection
head at the receiver, and By,j;q denotes the candidate set filtered by the lane semantic,
geometric envelope, and semantic raycasting constraints. This set only preserves the
candidate bounding boxes that do not violate the physical consistency rules. Subsequently,
visual-physical spatial joint non-maximum suppression is performed on By,}i4 to obtain
the final detection result set:

Biinal = {bi € Byaiia | #b; € Byatia,j # i, Rvp(b;,bj) = Land sj > s;}. (35)

This formula indicates that if a candidate bounding box b; and another candidate bounding
box b; with a higher confidence score are determined to be repeated candidates, b; will be
suppressed. Otherwise, b; is preserved in the final detection set.

Through the above constraints, the multi-source knowledge base constraint verification
module at the receiver can perform physical consistency screening and repeated candidate
suppression on the initial detection results, thereby improving the stability of the final
detection results under channel perturbation conditions. The fixed parameter settings listed
in Table 3 are used consistently in the following ablation studies and visualization analysis.

5.4. Two-Stage Noise-Aware Training Process

After completing the definitions of the endogenous semantic encoding at the trans-
mitter, wireless channel perturbation modeling, semantic decoding at the receiver, and
multi-source knowledge base constraint verification mechanism, this paper further pro-
vides the overall training pipeline of Mamba-KGSC, as shown in Algorithm 1. To ensure
that the model possesses high-precision basic perception while effectively resisting channel
perturbations in complex communication environments and extracting robust semantic
representations, this paper designs a progressive two-stage training strategy.

The first stage is basic perception fine-tuning without channel noise. The model first
loads the initial pre-trained weights ®p and conducts E; epochs of training in an ideal
channel environment without communication noise. For each data mini-batch (X, Ygt)
sampled from the training set D, the model performs forward propagation to generate
initial detection results Bini;, and back-propagates to update the network parameters @yy,in
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by calculating the object detection loss Liagk (Binit, Ygt). The core purpose of the first stage
is to allow the backbone network to fully adapt to the scale and data distribution of the
traffic-object data, establishing stable feature representations. After this stage ends, the
system retains the model weights with the optimal validation accuracy as the initialization
parameters for the next stage.

The second stage is noise-aware curriculum fine-tuning. After loading the optimal
weights obtained in the first stage, the system introduces wireless channel perturbations
during the feature transmission process. In the noise-robust fine-tuning stage, this paper
adopts a curriculum-based SNR sampling strategy. Let e denote the current training epoch
of the second-stage noise-aware fine-tuning, where e = 1, ..., Ey. The lower SNR sampling
bound at the e-th epoch is denoted as ymin(€), which gradually decreases from the initial
lower bound start = 5 dB to the final lower bound 7y.,q = —10 dB according to the training
progress, while the upper sampling bound is fixed at ymax = 30 dB. Subsequently, the
training signal-to-noise ratio 7 for the current batch is randomly sampled from the interval
[Ymin (€), Ymax]- For a given compression ratio setting, the semantic mask threshold 7, is
kept fixed during the training and testing phases. Experiments with different compression
ratios are realized by adjusting 7,;. In the experiments, all input images are resized to
640 x 640 x 3. The first-stage clean fine-tuning is conducted for E; = 180 epochs, and
the second-stage noise-aware curriculum fine-tuning is conducted for E; = 120 epochs.
The model is optimized using AdamW with an initial learning rate of 1 x 1074, a final
learning-rate factor of 0.01, a batch size of 8, and mixed-precision training.

Algorithm 1 Two-stage noise-aware training procedure for Mamba-KGSC

Input: Training dataset D, initial weights @y, number of basic fine-tuning epochs E;,
number of noise-aware fine-tuning epochs E, semantic mask threshold 7, with E; = 180
and E; = 120 in the implementation, initial lower SNR bound *start = 5 dB, final lower
SNR bound ¢nqg = —10 dB, upper SNR bound ymax = 30 dB.

Output: Optimized trainable parameters ©;;

train”

1: Initialize Oqin using Op.
2: Stage 1: basic detection fine-tuning without channel noise.
3: forr =1to E; do
4:  Sample a mini-batch (X, Ygt) from D.
5:  Generate initial detections Bjpj;.
6: Compute the detection loss Ly, (Binit, Ygt)-
7:  Update Ogqin by back-propagation.
8: end for
9: Load the best checkpoint obtained in Stage 1.
10: Stage 2: noise-aware curriculum fine-tuning.
11: fore =1to E; do

e—

1
12: 'Ymin(e) = 7Ystart — ('Ystart - ’Yend)'
Er,—1

13:  Sample ¢ ~ U (Ymin(€), Ymax)-

14:  Sample a mini-batch (X, Ygt) from D.

15:  Extract multi-scale features F = { F) } lL:1 and time-scale parameter maps.
16:  Generate the semantic mask {M()} L, using the threshold .

17:  Obtain sparse semantic features ¥ = {F() & M(®) }lel.

18:  Pack ¥ into the channel input S.

19:  Obtain the noisy representation S under the sampled SNR .

20: Decode S, reconstruct F, and generate initial detections Binjt.

21:  Compute the detection loss Liysk (Binit, Ygt)-

22:  Update Oin by back-propagation.

23: end for
24: return O

train*
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6. Experimental Evaluation and Discussion
6.1. Experimental Setup

This section evaluates Mamba-KGSC through simulation-based V2V cooperative
object detection experiments. First, it introduces the experimental platforms, dataset
construction, evaluation metrics, and baseline methods. Subsequently, it analyzes the
relationship between semantic transmission overhead and detection accuracy under dif-
ferent compression ratios. Furthermore, it compares the detection robustness of different
perception—-communication paradigms under various SNR conditions and different chan-
nel models, including AWGN, Rayleigh fading, and Rician fading channels, at a unified
compression ratio. Finally, it validates the effectiveness and lightweight advantages of the
multi-source knowledge base constraint verification module through ablation studies and
complexity analysis. Unless otherwise specified, all methods are evaluated using the same
data splits, the same detection category mappings, and the same mAP@0.5:0.95 metric to
ensure the fairness of the comparison results.

6.1.1. Hardware and Software Platform

The experiments are run on a workstation with an Intel Core i7 CPU and an NVIDIA
GeForce RTX 3060 GPU, so all compared methods are tested under identical hardware
settings. The autonomous-driving co-simulation environment is built based on OpenCDA,
utilizing CARLA 0.9.12 as the platform for generating traffic scenes, vehicle motions,
and sensor data. The neural network modules are implemented based on PyTorch 2.1.2,
with CUDA 12.1 used for GPU acceleration. The main implementation settings of the
proposed framework are summarized in Table 4. These settings are used to improve
the reproducibility of the training, semantic compression, and receiver-side knowledge
verification processes.

Table 4. Main implementation settings of Mamba-KGSC.

Item Setting
Input image resolution 640 x 640 x 3
Basic fine-tuning epochs 180
Noise-aware curriculum fine-tuning epochs 120
Batch size 8
Optimizer AdamW
Initial learning rate 1x107*
Final learning-rate factor 0.01
Mixed-precision training Enabled
SNR curriculum range Ymin : 5 dB — —10 dB, ymax = 30 dB
Compression ratio settings 10%, 30%, 50%, 70%, and 90%
Selected compression ratio 50%

6.1.2. Dataset and Task-Oriented Resampling

The foundational visual dataset used for training and evaluation in this paper is
derived from the MS-COCO dataset [42]. This choice is also consistent with recent
object-detection-oriented semantic communication studies that adopt MS-COCO or COCO-
trained object detectors to evaluate task-relevant visual semantic transmission [35,36].
Traffic participant categories relevant to V2V cooperative object detection are selected, in-
cluding pedestrians, vehicles, motorcycles, and bicycles. This category setting remains con-
sistent with the cooperative perception task configuration in the OpenCDA co-simulation
environment [43].

Directly using the original COCO traffic-related subset introduces a distinct category
distribution imbalance. Specifically, the number of images containing only pedestrians
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is significantly higher than that of complex traffic scene images containing vehicle-class
targets, which easily causes the model to bias towards high-frequency pedestrian features
during training while weakening the effective modeling of traffic targets such as vehicles,
motorcycles, and bicycles. For the endogenous semantic encoding mechanism in this paper,
this category bias may also affect the learning of spatial semantic masks, causing the model
to lean more towards preserving high-frequency target regions while reducing the feature
preservation capability for minority traffic categories.

To alleviate the aforementioned issues, this paper adopts a scene-aware category
resampling strategy to filter out redundant pure-pedestrian images from the training subset
and preserve samples containing vehicle-class targets as much as possible. The dataset
distribution before and after resampling is shown in Table 5. This strategy reduces training
sample redundancy while increasing the relative proportion of traffic target categories,
helping the model learn more balanced task-relevant semantic representations.

Table 5. Dataset distribution before and after scene-aware category resampling.

Item O,lfrl agflgflsﬁl?s(e:? Resampled Dataset ~ Reduction Ratio
Total Images 117,266 46,710 60.18%
Person 257,252 165,967 35.48%
Vehicle 64,693 61,547 4.86%
Motorcycle 8654 8654 0.00%
Bicycle 7056 7056 0.00%

As shown in Table 5, after resampling, the total number of images is reduced by
60.18%, the number of pedestrian instances is reduced by 35.48%, while vehicle instances
are reduced by only 4.86%. The motorcycle and bicycle categories are not filtered, with
a reduction ratio of 0.00%. These results indicate that the adopted resampling strategy
can reduce training redundancy while preserving traffic target samples closely related to
V2V cooperative object detection as much as possible, providing a relatively balanced data
foundation for subsequent compression robustness and detection accuracy evaluations.

6.1.3. Evaluation Metrics

To evaluate detection accuracy, communication efficiency, and physical consistency in
V2V cooperative object detection, four groups of metrics are used.
(1) Mean Average Precision (mAP@0.5:0.95). The IoU thresholds used for this metric
are collected in 7
T ={0.50,0.55,...,0.95}. (36)

Let AP be the average precision under the IoU threshold T € 7. The mAP@0.5:0.95 metric
is computed as:

1
— Y AP;. (37)
71 627 i

Compared to the evaluation method using only mAP@0.5, mAP@0.5:0.95 imposes higher
requirements on bounding box localization accuracy and can more strictly reflect the spatial

mAP@0.5:0.95 =

localization capability of the model in autonomous driving object detection tasks.

(2) Physical Consistency Filtering Statistics. To characterize the suppression effect of
the multi-source knowledge base on abnormal detection results and repeated detection
results, this paper counts the numerical changes in the initial detection set after phys-
ical consistency verification and visual-physical spatial joint redundancy suppression.
Specifically, let the initial detection set be Biyit, the candidate set after physical consis-
tency constraint screening be By,ji4, and the final output set after visual-physical spatial
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joint non-maximum suppression be Bga1. The remaining number of detections, the num-
ber of filtered or merged candidate bounding boxes at each stage, and the reduction or
improvement ratios relative to the baseline method can be counted respectively. These
statistical results are used to reflect the effectiveness of the multi-source knowledge base in
eliminating physically inconsistent abnormal candidate bounding boxes and suppressing
repeated detections.

To measure the stability of the number of detection outputs under extremely low
signal-to-noise ratios (SNRs), this paper further calculates the variance of the number of
detection bounding boxes. Let the test sequence contain a total of Ny frames, and the
number of output detection bounding boxes in the ¢-th frame be 7;. The average number of
detection bounding boxes per frame is:

n=— n¢. (38)

Then the variance of the number of detection bounding boxes is defined as:

Ny

1
Varget = ﬁf Z(nt — ﬁ)z, (39)
t=1

where a larger Varg.; indicates more obvious fluctuations in the number of detection
bounding boxes across different frames. A smaller value indicates more stable detection
output quantities.

(3) Transmission Bandwidth Ratio (TBR). Let the spatial semantic mask at the [-th scale
be M) € {0,1}*Wi; then, its number of valid preserved locations can be represented by
[M®||o. The overall transmission bandwidth ratio is defined as:

= ——— 2 x 100%, (40)
L= HiWi

where H; and W) denote the height and width of the feature map at the I-th scale, re-
spectively, and L denotes the number of multi-scale feature layers. Taking the semantic
feature vector at a spatial location as the statistical unit, this metric reflects the proportion
of non-zero semantic feature vectors ultimately transmitted by the transmitter relative to
the original dense feature locations. A lower value indicates stronger compression. The
corresponding Compression Ratio (CR) is defined as:

CR = 100% — TBR. (41)

For ease of presentation, subsequent experiments mainly use the compression ratio CR
as the control variable, which has a one-to-one correspondence with the transmission
bandwidth ratio TBR.

(4) Computational Complexity. This paper evaluates the model size and computational
overhead of different methods from two perspectives: total model parameters and total
floating-point operations. Specifically, the total number of model parameters reflects the
scale of the trainable modules in the perception—communication pipeline, while FLOPs
indicate the computational cost of a single forward inference. Let ® be the set of trainable
parameters in the module to be counted. Its parameter quantity is defined as:

Params = ) _ numel (), (42)
0cO
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where 0 represents a trainable parameter tensor in the module, and numel(6) represents
the number of scalar parameters contained in this tensor. The FLOPs for a single forward
inference are obtained using standard complexity-statistics tools.

The above metrics are used to measure the differences between different perception—
communication paradigms in terms of model size and computational overhead.

6.1.4. Baseline Methods

To verify the effectiveness of the proposed Mamba-KGSC framework in the V2V
cooperative object detection task, this paper compares it with two representative baseline
methods under the same dataset splits, the same detection category mappings, the same
SNR settings, and the same mAP@0.5:0.95 metric.

1.  Separated SSCC baseline method.
This baseline adopts the traditional separated source-channel coding architecture, con-
sisting of JPEG source coding, LDPC channel coding, wireless channel transmission,
channel decoding, image reconstruction, and the YOLOv5 detector. The transmitter
first uses JPEG to compress the input image and calculates the number of bits required
for the compressed bitstream. Subsequently, it employs LDPC as a representative
channel coding scheme to protect the compressed bitstream. This baseline is primarily
used to characterize the cliff effect that may occur in traditional SSCC links under
low-SNR or resource-constrained conditions. For the fading-channel evaluation, the
separated communication link is further tested under Rayleigh and Rician channel
conditions to analyze its robustness against typical flat-fading perturbations.
2. Deep]SCC baseline method.

This baseline follows the Deep]SCC idea of jointly learning source representation and
channel mapping, and it is adapted here to the object detection setting [44]. Specifically,
the transmitter first extracts the multi-scale visual features of the YOLOvS5 backbone
network and compresses them into a continuous channel input representation via
a neural encoder. Subsequently, additive Gaussian noise corresponding to the SNR
is superimposed on this representation to simulate wireless channel perturbations.
In the fading-channel evaluation, Rayleigh or Rician multiplicative fading is further
applied before additive noise injection, so as to examine the robustness of the learned
feature transmission mechanism under typical flat-fading conditions. The receiver
recovers the multi-scale features through the corresponding neural decoder and
inputs them into the YOLOVS5 detection head to complete object detection. To ensure
comparability at the communication overhead level, this paper evaluates the detection
performance of Deep]SCC under different channel bandwidth ratio settings, and
selects the 50% compression ratio as the primary comparison condition in subsequent
comparative experiments.

6.2. Detection Accuracy Under Different Compression Ratios

To analyze the impact of the compression ratio setting on detection performance and
provide a unified communication overhead benchmark for subsequent comparative ex-
periments under different SNR conditions and channel conditions, this paper evaluates
the mAP@0.5:0.95 variations in Mamba-KGSC and the Deep]SCC baseline method under
different compression ratios, respectively. Because the compression control mechanisms
of the two methods are different, this paper does not conduct a point-by-point equivalent
comparison, but instead separately analyzes their performance variation trends under their
respective compression mechanisms. Specifically, Mamba-KGSC controls the proportion of
valid transmission features by adjusting the spatial semantic mask threshold 7, and thus
five sets of compression ratios are set: 10%, 30%, 50%, 70%, and 90%. This experiment can
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also be regarded as a sensitivity analysis of the semantic mask threshold, since different
values of T, lead to different spatial mask sparsity levels and therefore different transmis-
sion bandwidth ratios. The Deep]SCC baseline method controls the channel bandwidth
ratio by adjusting the bottleneck bandwidth of the feature autoencoder, and thus three sets
of typical compression ratios are set: 12.5%, 25%, and 50%.

It should be noted that Figure 4 focuses on compression-ratio sensitivity analysis
under a unified AWGN channel setting.

3 —————8—3
_a— i e e

0340

MAP@0.5:0.95

6 s
SNR (dB) SNR (dB)

() (b)
Figure 4. Detection accuracy variations under different compression ratio settings. (a) Mamba-

KGSC under different semantic compression ratios. (b) Deep]JSCC baseline under different
compression ratios.

In Figure 4a, the detection accuracy under the 10%, 30%, and 50% compression
ratios generally remains at a high level, while the mAP@0.5:0.95 under the 70% and 90%
compression ratios drops significantly, indicating that excessively strong sparse encoding
weakens the foreground object boundaries and local structure information. In contrast, the
50% compression ratio maintains relatively stable detection performance in both the low-
SNR and the medium-to-high SNR intervals, indicating that this setting can achieve a good
empirical balance between reducing transmission overhead and preserving task-relevant
semantic features.

Figure 4b reports how the Deep]SCC baseline changes as the compression ratio varies.
Under stronger compression, Deep]SCC shows a more pronounced accuracy drop in the
low-SNR interval. This indicates that under strong compression conditions, the external
neural encoder may struggle to adequately preserve fine-grained information related to
object boundaries and spatial localization, thereby limiting the bounding box regression
accuracy of the detection head at the receiver. As the compression ratio decreases, the
detection performance of Deep]SCC gradually improves, but its independent neural codec
structure still introduces a higher model size and computational overhead.

Synthesizing the results of Figure 4a,b, this paper selects the 50% compression ratio as
the unified setting for subsequent comparative experiments. This setting does not represent
the globally optimal compression ratio, but rather exhibits a superior trade-off between
transmission overhead and detection accuracy within the experimental scope of this paper.
Therefore, the 50% compression ratio is selected as an empirical operating point that avoids
excessive semantic feature removal while still reducing the transmission burden. This
setting can provide a consistent communication overhead benchmark for fair comparisons
under different SNR conditions and channel models in the subsequent sections.

6.3. Detection Accuracy Under Different SNRs and Channel Conditions

Under the unified 50% compression ratio setting, this paper compares the detection ac-
curacy variations in the traditional SSCC, the Deep]SCC baseline method, and the front-end
semantic communication branch of Mamba-KGSC under different SNR conditions across
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AWGN, Rayleigh fading, and Rician fading channels. All methods adopt mAP@0.5:0.95
as the evaluation metric to measure the comprehensive performance of object boundary
localization and category detection under varying noise and fading perturbations. For the
Rician fading channel, the Rician K-factor is set to 2 on a linear scale.

It should be noted that the COCO dataset does not contain map semantics, camera
poses, and semantic raycasting information aligned with OpenCDA /CARLA. Therefore,
the mAP evaluation in this section primarily targets the front-end semantic encoding
and the initial detection branch at the receiver of Mamba-KGSC. The role of the multi-
source knowledge base constraint verification module will be evaluated separately in the
subsequent ablation studies and visualization analysis. Thus, the results in this subsection
mainly reflect the robustness of the front-end semantic communication branch under
different channel conditions.

As can be seen from Figure 5a—c, the traditional SSCC baseline method exhibits a
sharp performance drop under low-SNR conditions across all three channel settings. When
the SNR is below 0 dB, the source recovery quality in the separated communication link
drops significantly, leading to an obvious degradation in the quality of the reconstructed
image at the receiver, which in turn causes a rapid decline in the localization performance
of the YOLOV5 detector. When the SNR drops to —4 dB, the mAP@0.5:0.95 of this method
has fallen to a relatively low level, reflecting the typical cliff effect of traditional separated
communications under harsh channels. This phenomenon is particularly evident under
fading channels, where multiplicative channel fluctuations further affect the reliability of
separated source—channel transmission.

................................

(@) (b) (0)
Figure 5. SNR-mAP performance comparison of different perception-communication paradigms
under the 50% compression ratio: (a) AWGN channel; (b) Rayleigh fading channel; (c) Rician fading
channel.

The Deep]SCC baseline method exhibits smoother performance variations under
low-SNR conditions, indicating that the end-to-end learned joint source—channel coding
can alleviate the sudden performance degradation of traditional SSCC to a certain extent.
Compared with AWGN, its performance under Rayleigh and Rician fading channels shows
a slight decrease, but the overall curve remains continuous without an obvious cliff effect.
However, under the strict mAP@0.5:0.95 metric, its detection accuracy remains limited
under all three channel conditions. This is likely because Deep]SCC relies on an external
autoencoder to compress and recover the overall features. At high compression ratios, it is
prone to weakening fine-grained information related to object boundaries, local textures,
and spatial locations, thereby limiting the high-precision bounding box regression capability
of the detection head.

By contrast, the front-end semantic communication branch of Mamba-KGSC keeps its
detection performance relatively stable over the tested SNR range under AWGN, Rayleigh,
and Rician channel conditions. In the low-SNR region in particular, the proposed method
still achieves a higher mAP@0.5:0.95 than both baseline methods, and the performance gap
remains observable under fading channels. This is mainly attributed to the endogenous
semantic sparse encoding mechanism at the transmitter: the system does not compress all
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features indiscriminately, but instead suppresses background redundant features through a
semantic preservation probability-driven mask gating strategy, allowing limited channel
resources to be prioritized for transmitting semantic features related to foreground objects.
Therefore, even when fading-induced feature perturbations are introduced, the transmitted
sparse semantic stream still retains more detection-related foreground, boundary, and
localization cues. It should also be noted that the multi-source knowledge base module at
the receiver is mainly used for physical consistency verification and visual-physical spatial
joint redundancy suppression in the subsequent OpenCDA /CARLA scenes, and its effect
will be further analyzed in Section 6.4.

In summary, under the same 50% compression ratio setting, Mamba-KGSC exhibits
more stable detection accuracy compared with the traditional SSCC and Deep]SCC base-
line methods across AWGN, Rayleigh, and Rician channel conditions. These results
mainly demonstrate the robustness of the front-end endogenous semantic encoding branch
under noisy and fading channels. The contribution of the receiver-side multi-source
knowledge base constraint verification module to abnormal detection suppression and
repeated-box reduction will be further analyzed in the following ablation studies and
visualization experiments.

6.4. Ablation Analysis of Multi-Source Knowledge Base Constraint Verification

To evaluate the noise resistance capability and result verification effect of Mamba-
KGSC under harsh communication conditions, this section conducts ablation experiments
under the —10 dB low-SNR condition. The experiments separately analyze the statistical im-
pact of the front-end noise-aware semantic training on the stability of the detection output,
as well as the suppression effect of the multi-source knowledge base constraint verification
at the receiver on abnormal candidate bounding boxes and repeated candidate bounding
boxes. These ablation results correspond to the two main components of the proposed
framework, namely the endogenous semantic encoding branch at the transmitter and the
multi-source knowledge base constraint verification module at the receiver, thereby clarify-
ing their individual contributions to noise robustness, abnormal bounding-box suppression,
and detection-result refinement under the same communication-overhead setting.

As shown in Table 6, under the —10 dB low-SNR condition, the number of detection
bounding boxes output by the Mamba-YOLO-T front-end without JSCC training increases
significantly, with the total number of detections reaching 56,944 and the average number
of detections per frame being 4.75. After introducing the front-end JSCC training, the total
number of detections drops to 17,807, and the average number of detections per frame drops
to 1.48, corresponding to a 68.7% reduction in the total number of candidate detections.
Since count variance is scale-dependent, it is used here only as an auxiliary indicator of
absolute frame-level fluctuation. The absolute count variance decreases from 3.56 to 2.07,
indicating that the frame-level fluctuation of candidate detections is also reduced after
JSCC training. Overall, this result suggests that task-oriented JSCC training can reduce
noise-induced redundant candidate detections and provide a more compact and reliable
initial candidate set for receiver-side verification.

It should be pointed out that the front-end JSCC training primarily enhances the
noise resistance capability of the features, but it cannot fully guarantee that the detection
results conform to the physical constraints in traffic scenes. The front-end JSCC ablation
in Table 6 and the receiver-side knowledge-base ablation in Table 7 are conducted over
different evaluation durations and are designed to examine different functional components.
Therefore, the absolute candidate counts in the two tables are not intended for direct one-
to-one comparison. In Table 7, the 13,728 candidate bounding boxes are used as the
front-end-only baseline for evaluating the subsequent receiver-side knowledge constraint
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verification process. These candidate bounding boxes may still contain abnormal results
with unreasonable physical locations and repeated detections caused by fragmented local
feature responses. To further examine the effect of the multi-source knowledge base
module, the receiver-side constraint verification process is evaluated in two stages: physical
consistency screening based on semantic anchor mapping, followed by visual-physical
spatial joint non-maximum suppression. The corresponding statistical results are shown in
Table 7.

Table 6. Ablation statistical results of the front-end endogenous semantic encoding branch with and
without JSCC training under the —10 dB low-SNR condition.

Model Candidate
. Total Detections Avg./Frame Count Variance Count
Paradigm .
Reduction
Mamba-YOLO-T .
(without JSCC) 56,944 4.75 3.56 Baseline
Mamba-YOLO-T o
(with JSCC) 17,807 1.48 2.07 68.7%

Table 7. Ablation statistical results of the multi-source knowledge base constraint verification module
by stage.

. Remaining Filtered/Merged Cumulative
Enabled Screening Stage Detections Boxes Reduction Ratio
Mamba-KGSC front-end 13,728 B Baseline
only
Physical Consistency 11,434 2294 16.7% Reduction
Screening
Visual-Physical Joint NMS 9370 2064 31.7% Reduction

As shown in Table 7, the physical consistency screening stage reduces the number
of candidate bounding boxes from 13,728 to 11,434, filtering out a total of 2294 physically
inconsistent candidate bounding boxes, with a reduction ratio of 16.7%. This stage mainly
relies on the drivable-area semantic constraint, the 2D geometric envelope constraint, and
the semantic raycasting constraint, which are used to eliminate candidate targets that fall
into non-navigable regions, exhibit abnormal geometric shapes, or are inconsistent with
map semantics. Subsequently, the visual-physical spatial joint non-maximum suppression
further reduces the number of candidate bounding boxes to 9370, merging a total of 2064
repeated candidate bounding boxes, bringing the total reduction ratio to 31.7%. These
results indicate that the multi-source knowledge base module provides an additional
and independent refinement effect after the front-end semantic communication branch,
especially in suppressing physically inconsistent candidate boxes and repeated detections
at the receiver.

To intuitively demonstrate the detection differences among different perception—
communication paradigms under extreme channel conditions, this paper selects two typical
scenes for visualization comparison, as shown in Figure 6.

Figure 6A illustrates a repeated detection scene caused by fragmented local feature
responses. Although Deep]SCC and the J[SCC-trained Mamba-YOLO-T front-end can detect
the targets, they may still generate multiple candidate bounding boxes near the same target.
In contrast, Mamba-KGSC effectively reduces repeated detections through visual-physical
spatial joint non-maximum suppression, which jointly utilizes the 2D overlap relationship
and the 3D physical anchor distance for candidate bounding box merging.
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Figure 6B displays an abnormal detection scene under severe noise perturbations. The
front-end model without noise-aware training is prone to misidentifying noise-perturbed
regions as targets that do not exist in the physical space. Although the JSCC-trained front-
end improves overall stability, it may still produce candidate bounding boxes with unstable
boundaries or unreasonable physical locations.
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(a) DeepjScC (b) MambaYOLO (without JSCC)
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(c) MambaYOLO (with JSCC) (d) Mamba-KGSC (Ours)

(A) Repeated detection scene.
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Figure 6. Visualization analysis of detection results under extreme channel conditions in OpenCDA
scenes.

https://doi.org/10.3390/ electronics15132925


https://doi.org/10.3390/electronics15132925

Electronics 2026, 15, 2925

31 0f 36

Mamba-KGSC further utilizes the multi-source knowledge base module to perform
physical consistency verification on candidate targets, which can eliminate abnormal
detection results that clearly violate road semantics and scene constraints, outputting more
stable detection results.

6.5. Computational Complexity

To evaluate the model size and computational overhead of different perception—
communication paradigms, this paper calculates the total number of model parameters
and the FLOPs for a single forward pass in the inference pipeline of each method, with
the results shown in Table 8. All statistics are obtained under the same input scale and
detection category setting, where the multi-source knowledge base constraint verification
module is a rule-based result verification process and is not included in the neural network
parameter statistics or neural FLOP calculation.

The traditional SSCC baseline method adopts YOLOV5 as the detector, with 7.23 M
parameters and 8.22 GFLOPs for a single forward pass. This baseline has a lower computa-
tional overhead, but its performance stability under low-SNR conditions shows obvious
limitations in the aforementioned SNR experiments.

The Deep]SCC baseline method also adopts the YOLOv5 detector and completes
the joint source-channel mapping through an independent neural codec structure. This
structure increases the model size to 23.45 M parameters and the computational cost
to 22.75 GFLOPs for a single forward pass, indicating that while it improves channel
robustness, it also incurs a larger model size and higher computational overhead.

In contrast, Mamba-KGSC adopts Mamba-YOLO-T as the perception backbone at
the transmitter and uses the internal time-scale responses of the backbone network to
generate spatial semantic masks, thereby realizing task-relevant semantic feature screen-
ing and sparse semantic encoding. The model contains 5.99 M parameters and requires
13.60 GFLOPs for a single forward pass. Its FLOPs are higher than those of the traditional
SSCC baseline, but remain substantially below those of the Deep]SCC baseline. This result
shows that Mamba-KGSC provides a favorable trade-off among model size, computational
overhead, transmission efficiency, and detection stability.

Table 8. Comparison of computational complexity among different methods.

Method Total Model Params (M) Total FLOPs (G)
Traditional SSCC 7.23 8.22
DeepJSCC baseline 23.45 22.75
Mamba-KGSC (Ours) 5.99 13.60

7. Conclusions

Targeting the V2V cooperative object detection task under limited transmission re-
sources and noisy channel conditions, this paper proposes a knowledge-guided lightweight
semantic communication framework, named Mamba-KGSC. This framework unifies task-
relevant semantic encoding at the transmitter, wireless channel transmission, semantic
decoding at the receiver, and multi-source knowledge base constraint verification into
the same cooperative perception pipeline. The transmitter utilizes the internal time-scale
parameters of the Mamba-YOLO-T backbone network to generate spatial semantic masks,
realizing the selective preservation and sparse semantic encoding of foreground object-
related features. The receiver integrates static map knowledge, geometric priors, spatial
topological constraints, and visual-physical spatial association rules to perform physical
consistency screening and joint redundancy suppression on the initial detection results,
thereby enhancing the reliability of the detection results under harsh channels.
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Experimental results demonstrate that Mamba-KGSC exhibits relatively stable de-
tection performance under varying compression ratios, SNR conditions, and channel
models. Under a 50% compression ratio and low-SNR conditions, the proposed method
achieves higher mAP@0.5:0.95 detection accuracy compared with the traditional SSCC
and Deep]SCC baseline methods. Meanwhile, the multi-source knowledge base constraint
verification can effectively reduce physically inconsistent abnormal detections and re-
peated detections. Computational complexity analysis further indicates that Mamba-KGSC
achieves a favorable trade-off among transmission overhead, detection accuracy, model
size, and physical consistency, providing a potential implementation scheme for robust
V2V cooperative object detection in harsh communication environments.

Nevertheless, this study still has several limitations. First, the proposed framework
is mainly validated in an OpenCDA /CARLA-based software simulation environment,
while experiments on real vehicular edge hardware have not yet been conducted. In
addition, the SS2D-based Mamba backbone involves multi-directional scanning opera-
tions, and the current prototype has not incorporated dedicated CUDA or kernel-level
acceleration. Therefore, the practical processing latency and deployment efficiency on
resource-constrained edge platforms require further evaluation. Second, the receiver-side
multi-source knowledge base verification module relies on HD maps, semantic raycasting,
and vehicle pose information, which may be obtained from HD map services, cooper-
ative localization, GNSS/INS, SLAM, or online map construction systems in practical
V2V deployments. However, missing or outdated map semantics, localization noise, and
calibration drift may affect physical-anchor estimation and scene-consistency verification.
Third, although Rayleigh and Rician fading channels are considered, the current channel
simulation mainly controls link quality through predefined SNR settings and does not
explicitly couple distance-dependent path loss with the inter-vehicle distance in CARLA.

Future work will focus on edge-oriented acceleration and CUDA /kernel-level opti-
mization. In addition, map uncertainty, pose perturbation, calibration drift, packet loss,
transmission latency, Doppler effects, and distance-dependent path-loss models will be
further incorporated into the evaluation framework. Hardware-in-the-loop and real-world
V2V cooperative perception experiments will also be conducted to further validate the
practical feasibility of Mamba-KGSC.
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