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Abstract. Cooperative perception enables connected and autonomous vehicles to
overcome the inherent limitations of individual sensors, such as occlusion and a re-
stricted field of view, by sharing perceived objects among vehicles. While this
enhances situational awareness, it introduces significant redundancy in dense traf-
fic, leading to unnecessary computation and communication overhead. This paper
proposes a novel redundancy-aware perception framework that integrates explicit
object-level redundancy assessment directly into the detection stage. We extend
the YOLOv11x architecture to ingest lightweight occupancy and inverse-distance
masks derived from shared data, enabling the model to perform simultaneously
2D object detection and binary redundancy classification in a single inference step.
On V2X-Sim, the proposed model achieves a redundancy F1l-score of 0.972 with
a measured forward-pass latency increase of 7.70 % (0.687 ms) relative to the RGB
detector. By identifying redundant objects early, the framework enables resource-
saving strategies, such as context-aware downsampling and selective offloading.
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1 INTRODUCTION

Advanced Driver Assistance Systems (ADASs) have the potential to significantly
improve road safety by reducing human error, a leading cause of traffic accidents.
Using advanced artificial intelligence (AI) models and computer vision, ADASs can
perceive and navigate their surroundings. The fusion of data from multiple sensors,
such as RGB cameras, LiDAR, and radar, improves the overall situational awareness
of a single vehicle [I]. However, processing such large-scale sensor data in real
time may exceed the computational capabilities of individual vehicles or impose
undesirable energy demands, particularly in electric vehicles. These constraints
have motivated research into edge and cloud offloading as a potential solution for
maintaining high-performance perception while alleviating on-board computational
and energy constraints [2].

Although integrating data from multiple sensors improves depth perception and
sensing under adverse conditions [3| 4], it cannot mitigate limitations such as oc-
clusion, a limited field of view, or individual sensor failures. To further improve
safety and efficiency, cooperative perception has emerged as a key solution, enabling
connected vehicles to share their sensor data and collectively enhance the accuracy
of their perception systems [3], G]. Sharing perceived objects among connected par-
ticipants significantly reduces the number of missed detections and allows vehicles
to become aware of nearby objects or hazards sooner. However, in high-density
traffic scenarios, many objects detected by one vehicle are redundantly perceived
and processed by multiple others.

Redundancy in cooperative perception arises in multiple forms, including spa-
tial redundancy, in which the same object is perceived from several viewpoints, and
temporal redundancy, in which consecutive frames capture nearly identical infor-
mation. While redundancy can provide additional context for object tracking and
validation, excessive repetition burdens both the perception and communication
subsystems. Some existing approaches address redundancy through heuristics, such
as distance-based filtering or non-maximum suppression across shared detections,
without explicitly learning contextual relationships among observations [7]. In our
previous work, we explored lightweight frame filtration for perception offloading
by identifying frames containing vehicles using a computationally inexpensive con-
volutional model [§]. However, that approach did not account for redundancy in
multi-vehicle environments, in which the same objects may be perceived repeatedly
by multiple agents.

This paper focuses on assessing redundancy rather than removing it directly.
Our approach evaluates redundancy during the initial RGB detection stage, before
subsequent multimodal processing or image offloading. By identifying redundant
observations early, the ego vehicle can make informed decisions about which sensor
data are worth processing or sharing, potentially reducing downstream computa-
tional and communication overhead.

To enable this, we introduce a modified YOLOv11x model that incorporates
lightweight contextual information from connected vehicles in the form of two mask
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channels that encode the spatial locations and approximate distances of shared ob-
jects. The proposed model simultaneously predicts 2D bounding boxes and performs
binary redundancy classification within a single forward pass. This design allows the
system to determine, for each detected object, whether it has already been observed
by another connected vehicle. By shifting redundancy assessment to the percep-
tion stage, the method provides a practical means of optimizing computational and
bandwidth use. It also offers a novel alternative to existing frameworks that do not
explicitly reason about redundancy at detection time.

The rest of the paper is organized as follows. Section | reviews related work on
cooperative perception and redundancy mitigation strategies. Section [3] describes
the proposed method and the modifications made to the YOLOv11lx model. Sec-
tion [4] presents the evaluation; Section [f] discusses the results; and Section [f] con-
cludes the paper and outlines directions for future research.

2 BACKGROUND

Several studies address redundancy mitigation in cooperative perception. The solu-
tion proposed by Lobato et al., called VILE, aims to mitigate data redundancy in
collective perception systems. The mechanism divides the map into a honeycomb-
like grid and uses a data-selection algorithm to designate one vehicle in each hexago-
nal region to share its perception with nearby vehicles. Simulation-based evaluation
shows that VILE can reduce object redundancy by up to 85 % and the number of
generated packets by up to 55 % while preserving the original number of uniquely de-
tected objects. Importantly, the other agents in the hexagonal area are still required
to perform full object detection independently [9].

Luo et al. focus on minimizing redundancy in shared intermediate features
through contractive learning and mutual-information upper-bound estimation. Al-
though their method improves object detection accuracy, feature filtration occurs
after the features have been transmitted to connected participants and therefore
does not reduce the required transmission bandwidth [10].

Delooz et al. compare several redundancy-mitigation rules, including distance-
based, dynamics-based, frequency-based, and entropy-based rules, that are also
subject to European standardization. Distance- and dynamics-based rules achieve
promising results in terms of channel busy ratio, environmental awareness, and re-
dundancy level. However, these rules are applied after the full detection pipeline
when determining whether a perceived object should be included in a Collective
Perception Message (CPM), and therefore cannot avoid the cost of local detec-
tion [1].

The Priority-Aware Collaborative Perception (PACP) framework proposed by
Fang et al. uses a bird’s-eye view (BEV) of the scene to optimize communication. It
assigns higher sharing priority to data from connected vehicles that increase cover-
age of the perceived area and reduce blind spots, thereby reducing redundant data
transmission by up to 13.6 % [L1].
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Recent intermediate-feature methods address communication redundancy before
collaborative fusion. Where2comm constructs spatial confidence maps from locally
extracted features and communicates only spatially sparse regions considered impor-
tant for perception. The selected regions can be adjusted according to the available
communication bandwidth, and the received features are subsequently fused for
collaborative object detection [I2]. How2comm also targets the trade-off between
detection performance and communication volume but uses a mutual-information-
aware mechanism with spatial-channel filtering to retain informative intermediate
features. It additionally employs flow-guided delay compensation and a collabora-
tion transformer to address temporal misalignment and integrate information from
multiple agents [13].

Where2comm and How2comm therefore determine which intermediate features
should be transmitted and fused to improve collaborative detection under bandwidth
constraints. They do not formulate redundancy as an explicit per-object prediction
indicating whether the same physical object has already been observed by a neigh-
bouring vehicle. In contrast, our method uses compact masks derived from shared
object information and jointly predicts object detections and binary redundancy la-
bels during the ego vehicle’s RGB detection pass. These labels are intended to guide
subsequent decisions, such as whether an image should be offloaded or whether more
computationally intensive downstream processing is required.

The reviewed methods consequently address complementary stages and repre-
sentations: standardized rule-based methods filter object messages after local de-
tection, intermediate-feature methods reduce the feature payload exchanged for col-
laborative detection, and the proposed approach assesses object-level redundancy
as part of detection. To the best of our knowledge, no prior cooperative perception
method jointly predicts detections and explicit per-object redundancy labels within
a single detector forward pass. The proposed model addresses this gap through
a dedicated redundancy-classification head conditioned on shared contextual infor-
mation.

3 PROPOSED SOLUTION

The key idea behind the proposed cooperative-perception-based frame-filtration
strategy is that, in environments with a sufficient density of connected vehicles,
many objects observed by the ego vehicle have already been detected and reported by
neighbouring participants. After appropriate coordinate transformation and post-
processing, the ego vehicle can use these shared detections to reduce the need to
repeatedly execute computationally expensive multimodal perception models. This
requires the ego vehicle to identify whether another connected vehicle has already
observed each perceived object.

To achieve this, we extend the YOLOv11x detection model by incorporating
additional channels that represent masks of objects perceived and shared by nearby
vehicles. This modification allows the model to simultaneously perform 2D object
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detection and binary redundancy classification using RGB data and lightweight con-
textual information, thereby avoiding the complexity and high computational cost
of depth-aware or multimodal detectors. Based on the model’s redundancy predic-
tions, the ego vehicle can determine whether a given frame contains any previously
unseen objects.

If all detected objects in a frame are classified as redundant, the frame becomes
a candidate for omission from further processing by more advanced models at the
edge or in the cloud, potentially saving computational resources. Conversely, if any
non-redundant objects are detected, the frame is transmitted for further processing.
The image can nevertheless be selectively downsampled using the context-aware
strategy proposed in [I4] to reduce bandwidth consumption while preserving relevant
regions. This redundancy-aware approach can guide the allocation of both on-board
computational and communication resources.

This section describes the main components of the redundancy-aware filtration
framework. First, we introduce the V2X-Sim dataset and the filtering steps and
assumptions used to generate ground-truth labels for the multi-agent task. We then
quantify the prevalence of redundant observations to assess the opportunity for
resource savings in dense cooperative scenarios. Next, we describe the coordinate
transformations required to project shared 3D bounding boxes from neighbouring
vehicles onto the ego vehicle’s 2D image plane. This information is converted into
two compact representations of shared objects: an inverse-distance mask and an
occupancy mask. Finally, we explain how the standard YOLOvl11x architecture
is adapted with a 5-channel input and a dedicated redundancy-prediction head to
perform simultaneous object detection and redundancy classification.

3.1 Dataset

The proposed method is developed and evaluated using the V2X-Sim dataset [I5],
which contains 100 cooperative driving scenes simulated in CARLA. Each scene cap-
tures 20 seconds of multi-agent interaction at 5 frames per second, resulting in a tem-
poral resolution of 200 ms between frames. The dataset follows the NuScenes [16]
data structure and includes a comprehensive sensor suite consisting of six RGB
cameras, one LiDAR sensor, an IMU, and a GNSS receiver. At each timestamp,
synchronized sensor data and annotations are provided for five participating vehicles
(agents) operating within the shared environment.

To emulate realistic communication between connected vehicles, including the
effects of latency, we treat objects perceived by other agents at timestamp ¢t — 1 as
the shared information available to the ego vehicle at timestamp ¢. This corresponds
to a temporal delay of 200 ms. For simplicity and to ensure consistent supervision
during training, we use ground-truth annotations as a proxy for detections shared
by neighbouring agents.

To construct redundancy supervision and generate the corresponding redun-
dancy masks, object identity across agents is established using the instance_token
provided by the V2X-Sim dataset. This token uniquely identifies a physical ob-
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ject over time and across all agents within a scene. An object detected by the
ego vehicle is labelled as redundant if another agent reports an object with the same
instance_token at timestamp t — 1; otherwise, it is labelled as non-redundant. This
mechanism defines redundancy precisely at the object-instance level, independently
of spatial-overlap heuristics, and enables consistent generation of the redundancy
masks used as input to the proposed model.

Because the annotations describe all objects present in the global CARLA scene
at each time step, they must be filtered to identify those that are visible to a given
agent. Following standard practice in the literature, object visibility is determined
by counting the LiDAR points associated with each annotated 3D bounding box.
Only objects with at least five LIDAR points are considered as visible to an agent.
This filtering ensures that the shared detections reflect realistic perceptual capabil-
ities rather than omniscient scene-level labels. Although each vehicle is equipped
with six cameras, only images from the three forward-facing cameras are used be-
cause they contain most of the objects relevant to the detection task.

Finally, because the dataset provides object annotations as 3D bounding boxes,
whereas the YOLO-based model operates on 2D images, all labels are projected onto
the image plane. Each 3D bounding box is converted to a 2D rectangular bounding
box by projecting its corner points using camera calibration parameters and then
taking the minimum and maximum image-plane coordinates along both axes.

Despite its richness and multi-agent structure, the V2X-Sim dataset has inher-
ent limitations that must be considered when interpreting the results. First, all
scenes are generated in the CARLA simulator, which, although highly configurable
and photorealistic, cannot perfectly replicate the full complexity of real-world driv-
ing. Second, the visibility-filtering strategy based on LiDAR point counts, although
widely adopted, is imperfect. Objects may be excluded if they receive too few Li-
DAR returns, especially small, distant, or highly reflective objects, despite being
clearly visible in the camera images. Conversely, LiDAR-based visibility does not
fully reflect camera visibility because the two sensors have different occlusion pat-
terns. Consequently, the process of determining which objects are visible to each
agent may introduce noise into the training labels.

3.2 Redundancy Characteristics of the Dataset

To quantify perceptual redundancy, we evaluate new and redundant objects in the
V2X-Sim dataset for one to four neighbouring connected vehicles. The analysis in-
cludes 29700 camera images and 145677 annotated object appearances. An image
is considered fully redundant when it contains no non-redundant objects. The three
image views acquired at the same instant are grouped into a synchronized times-
tamp, yielding 9900 timestamps. A timestamp is considered fully redundant only
when all three images are fully redundant.

As the number of neighbouring vehicles increases, the redundant-object ratio
rises from 43 % to 68 %, while the proportion of fully redundant images increases
from 20.55 % to 44.64%. The stricter timestamp-level ratio increases from 0.86 %
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to 10.44 %. Table [1| summarizes these results, while Figure [1] shows the object- and
image-level statistics.

This high level of redundancy presents an opportunity for computational and
bandwidth savings. However, it also creates a highly imbalanced learning signal if
used directly for supervision. Therefore, during model training, we consider only
a single connected vehicle, which yields a more balanced ratio of new to redundant
objects and facilitates stable supervised learning.

£CVs New Redundant Redundant  Fully Redund. Fully Redund.

Ratio Images Timestamps
1 82889 62788 0.43 6104 (20.55 %) 85 (0.86 %)
2 57920 87757 0.60 10559 (35.55 %) 591 (5.97%)
3 49560 96117 0.66 12611 (42.46 %) 924 (9.33%)
4 46925 98 752 0.68 13258 (44.64%) 1034 (10.44 %)

Table 1. Redundancy statistics for one to four neighbouring connected vehicles

These observations support the motivation for the proposed redundancy-aware
perception framework. As the number of connected vehicles increases, a large frac-
tion of perceptual information becomes redundant. Identifying this redundancy
early can help vehicles avoid unnecessary downstream computation, reduce upload
volume, and prioritize the processing of novel and safety-critical objects.

3.3 Coordinate System and Projections

A crucial component of the proposed redundancy assessment framework is the ability
to transform object detections received from connected vehicles into the coordinate
system of the ego vehicle’s camera. Accurate coordinate alignment ensures that
shared objects projected onto the ego vehicle’s image plane correspond to their
correct visual location, enabling the model to correctly interpret the contextual
mask information.

For dataset preparation, these transformations are handled using the nuScenes
devkit, which provides utilities for converting 3D bounding boxes between global,
ego, and camera coordinate frames. In real-world cooperative perception systems,
detections transmitted by connected vehicles are typically expressed in a global
reference frame, including the object centre coordinates pgiopal € R?, dimensions, and
orientation. The ego vehicle must therefore convert these global-frame detections
into its camera coordinate frame using its own pose and the camera’s intrinsic and
extrinsic parameters.

Assuming Rego € R**? and te, € R* denote the rotation and translation of
the ego frame expressed in the global frame, and Ry € R3*? and t. € R denote
the rotation and translation of the camera frame expressed in the ego frame, the
transformation of a point from global coordinates to the camera frame is

Pcam = R;rs (R;;O (pglobal - tego) - tcs) 5 (1)
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Figure 1. Statistical analysis of redundancy in the dataset for different numbers of con-
nected vehicles. Figure shows the normalized proportion of newly observed and re-
dundant objects as the number of connected vehicles increases, while Figure presents
the fraction of images that contain only redundant objects.

where peam € R? is the point expressed in the camera frame. This follows the
inversion of the global — ego and ego — camera transforms used in nuScenes,
where RT corresponds to the inverse rotation.

Orientation must be transformed consistently across frames. Using unit quater-
nions to represent rotations, the object’s orientation expressed in the camera frame
is obtained as

Qcam = qc_sl X (Cle_gt & leobal) 3 (2)
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where ggobai €ncodes the object’s orientation in the global frame, eg, represents
the ego vehicle’s orientation in the global frame, and q. represents the camera
orientation relative to the ego frame. Here, ® denotes quaternion multiplication.

3.4 Masks of Shared Objects

After projecting the 3D bounding boxes into the 2D image plane, the next step is to
convert the shared detections from connected vehicles into mask-based representa-
tions that can be ingested by the modified YOLOv11x model. Instead of allocating
a fixed number of per-object mask channels, which scales poorly and introduces
sparsity, the final design employs two compact aggregated masks that summarize
the spatial presence and proximity of all shared objects.

First, a binary mask is generated for each projected object by rasterizing the 2D
polygon obtained from its transformed 3D bounding box. These per-object masks
are then combined to form two complementary representations. The inverse-distance
mask is constructed by assigning each pixel the inverse-normalized distance of the
closest object covering that pixel. Distances are logarithmically scaled into the range
[0, 1] using predefined minimum and maximum bounds (dpy, = 2m, dpax = 120m),
ensuring that nearby objects are emphasized.

The second representation, the occupancy mask, encodes object overlap by com-
puting the number of projected objects covering each pixel p; ; and mapping this
count through a smooth saturation function:

pi,j = 1 - eXp(fkoccC)v (3)

where c is the pixel-wise object count and k. is a scaling factor that controls how
rapidly the occupancy value saturates as overlap increases. In our implementation,
koce 1s set to 1.

To create spatially coherent masks and account for small projection errors, the
occupancy masks are refined using constant-radius morphological dilation (radius
r = 4 pixels), which expands object regions in a controlled manner. This is followed
by Gaussian blurring with a standard deviation of ¢ = /2 to soften mask edges
and improve continuity. These dilation and blurring steps also help compensate for
the one-frame communication latency inherent in the cooperative perception setup.
Because shared detections originate from timestamp ¢ — 1, their projected masks
may be slightly misaligned with the ego vehicle’s view at timestamp ¢. The softened
mask boundaries reduce the model’s sensitivity to spatial discrepancies caused by
object motion between frames, thereby improving robustness during training.

The resulting two-channel mask representation provides the model with compact
yet expressive contextual information that captures both the spatial extent and
relative proximity of objects detected by connected vehicles. An example of the
resulting RGB image and corresponding masks is shown in Figure 2
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a) RGB image b) Inverse-distance mask ¢) Occupancy mask

Figure 2. RGB camera image and corresponding masks. Figure shows the original
RGB image, Figure 2 b)| shows the inverse-distance mask, and Figure shows the occu-
pancy mask used as an additional input to the model.

3.5 Model Modification

The proposed framework, shown in Figure [3| extends the original YOLOv11x ar-
chitecture from Ultralytics [I7] to jointly perform 2D object detection and redun-
dancy assessment using cooperative perception priors. While the baseline pre-
trained model operates on 3-channel RGB images and predicts 80 object classes,
the modified architecture incorporates additional geometric context from connected
vehicles and introduces a dedicated redundancy-classification head, enabling multi-
task learning within a single inference pass. The detection head is configured for
the four classes present in the dataset: vehicles, bicycles, emergency vehicles, and
motorcycles.

3.5.1 Extended Multi-Channel Input Representation

To integrate information shared by connected vehicles, the standard RGB input
is augmented with the two previously described mask representations: an occu-
pancy mask and a normalized inverse-distance mask. These form a 5-channel input
tensor that combines appearance cues with spatial priors derived from cooperative
perception. All data-augmentation operations used in YOLOv11x, such as Mosaic,
LetterBox, RandomPerspective, horizontal flips, and colour transformations, are ex-
tended to operate consistently on all five channels. This includes applying identical
geometric transformations across channels, enforcing appropriate padding for sparse
mask inputs, and ensuring that the interpolation strategies preserve the semantic
meaning of the mask values.

3.5.2 Dual-Branch Feature Extraction with Mid-Level Fusion

Because the mask channels encode geometric and distance-related structure rather
than visual texture, directly concatenating them with RGB at the network stem
would be suboptimal. To address this, the modified architecture employs a dual-
branch feature extraction design. The RGB channels are fed through the original
YOLOv11x backbone stem, which is optimized for appearance-based feature learn-
ing, while the two mask channels pass through a lightweight parallel convolutional
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Figure 3. Architecture of the proposed redundancy-aware detection model. The backbone
and detection components are based on the original YOLOv11x architecture and are shown
in purple. The proposed modifications, shown in pink, introduce additional processing
branches for the inverse-distance and occupancy masks and a redundancy-prediction head.
These additions enable the model to jointly perform object detection and redundancy
estimation from multimodal inputs.
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branch. The resulting feature maps are fused midway through the backbone via
channel-wise concatenation. This mid-level fusion strategy ensures that early lay-
ers, which specialize in fine-grained texture extraction, are not disrupted by the
mask inputs, while allowing deeper layers to integrate high-level geometric context
from cooperative perception.

3.5.3 Preservation of the Original Detection Head

The original YOLOv11x detection head is preserved without modification, main-
taining its bounding box regression and 4-class classification outputs (vehicle, bi-
cycle, emergency vehicle, motorcycle). Retaining the unaltered detection head en-
sures compatibility with standard downstream perception modules and preserves the
model’s ability to perform accurate object detection while introducing additional re-
dundancy reasoning.

3.5.4 Redundancy Prediction Head

To assess whether an object perceived by the ego vehicle is redundant, i.e., al-
ready observed and shared by a connected vehicle, an additional prediction head
is introduced. This head outputs a binary redundancy logit for each anchor and
reuses the same anchor assignments as the bounding box regression and classifica-
tion branches. By sharing early and mid-level features with the detection task, the
model benefits from multi-task learning, enabling joint optimization of detection
and redundancy assessment. Ground-truth annotations are extended with a sixth
label field that specifies the redundancy status of each object and directly supervises
this new head.

3.5.5 Training Procedure Modifications

The training pipeline is extended to jointly optimize detection and redundancy esti-
mation. Redundancy labels are incorporated into the same ground-truth-to—anchor
assignment process used for bounding box regression and classification. This aligns
the object-level redundancy supervision with the detections, preserving consistency
across prediction branches. After anchor assignment, the redundancy ground-truth
values are aligned with the matched anchor indices on a per-image basis, enabling
precise supervision of the redundancy logit for each positive anchor.

The redundancy head is trained using a weighted binary cross-entropy loss. Pos-
itive anchors receive their matched ground-truth redundancy labels and are weighted
by their detection target scores. Background anchors receive a non-redundant tar-
get with a small weight of 0.05 to prevent the model from collapsing to a solution
that predicts all objects as non-redundant. The weighting scheme accounts for
background anchors and keeps the redundancy task balanced when the number of
redundant objects varies significantly across frames. All other YOLOv11x loss com-
ponents remain unchanged. The final training objective is the sum of the standard
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YOLOv11x losses and the redundancy loss, enabling unified optimization of detec-
tion accuracy and redundancy classification within a single framework.

4 EVALUATION

This section evaluates the effectiveness of the proposed redundancy-aware detection
framework on the V2X-Sim dataset. The dataset is partitioned into training, vali-
dation, and test subsets using a scene-wise 80 %/10 % /10 % split, such that no scene
appears in more than one subset. We report both standard object-detection per-
formance and the model’s ability to classify objects as redundant or non-redundant
based on cooperative perception masks. Here, mAP denotes mean average precision
over IoU thresholds from 0.50 to 0.95 in steps of 0.05, whereas mAP5, uses an loU
threshold of 0.50.

4.1 Object Detection Performance

Table [2] summarizes the detection performance of the modified YOLOv11x model.
Despite the architectural changes introduced to incorporate cooperative perception
priors, the model maintains strong detection performance, achieving a precision of
0.781 and a recall of 0.734. The mAPsy and mAP values are 0.803 and 0.687,
respectively. The comparison with the RGB-only baseline below shows comparable
overall mAP with a different precision-recall trade-off.

Precision Recall mAP;; mAP
0.781  0.734 0.803 0.687

Table 2. Object detection performance

4.2 Redundancy Classification Performance

The redundancy-classification head achieves strong aggregate performance on the
test set. As shown in Table [3] the model achieves an accuracy of 0.969, with a re-
dundancy precision of 0.952 and a notably high recall of 0.994. The resulting F1-
score of 0.972 indicates that the model can reliably differentiate between new and
redundant observations, effectively leveraging the geometric and distance-based cues
encoded in the mask representations. The false-positive rate (FPR), the fraction of
non-redundant objects incorrectly classified as redundant, is 0.060.

Accuracy Precision Recall Fl-score FPR
0.969 0.952  0.994 0.972  0.060

Table 3. Redundancy evaluation metrics with the default 0.5 classification threshold
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From a safety perspective, however, the relative importance of prediction er-
rors is asymmetric. A false-positive redundancy prediction (i.e., predicting a non-
redundant object as redundant) is substantially more harmful than a false negative
because it may cause the system to suppress a previously unseen object and prevent
it from being forwarded to downstream perception modules. This could create a crit-
ical hazard. In contrast, false negatives only reduce the achievable computational
or communication savings under the proposed filtering policy.

To reduce false-positive redundancy predictions, the redundancy classifier’s deci-
sion threshold was adjusted to favour the correct detection of non-redundant objects.
The threshold of 0.72 was selected by analysing the receiver operating characteris-
tic (ROC) curve and identifying an operating point with a lower false-positive rate
(FPR) while retaining a high F1-score. This reflects a safety-oriented trade-off that
prioritizes low FPR over maximal recall of redundant objects.

Table ] reports the resulting performance with the threshold set to 0.72. The
false-positive rate decreases from 0.060 to 0.017, representing an approximately 3.5-
fold reduction, while the overall accuracy and F1-score remain high. This conserva-
tive bias classifies more detections as non-redundant, reducing the risk of suppressing
novel objects.

Accuracy Precision Recall Fl-score FPR
0.969 0.985  0.948 0.966 0.017

Table 4. Redundancy evaluation metrics with the safety-oriented threshold of 0.72

4.3 Comparison with an Occupancy-Based Rule

To compare the learned redundancy head with a simple alternative, we combine
the RGB-only detector with an occupancy-based rule. For each predicted box,
clipped to the image boundaries, the rule computes the mean value of the occupancy
mask within that box and classifies it as redundant when the mean is at least
a threshold 7. The rule uses the same occupancy representation available to the
proposed model but requires no additional training. The threshold 7 = 0.279 is
selected by maximizing redundancy F1 on the validation set over a grid in increments
of 0.001 and is then fixed for test evaluation. The detection-confidence and non-
maximum suppression [oU thresholds are 0.25 and 0.45, respectively, matching the
RGB baseline evaluation.

Table [f] compares the resulting test metrics with the proposed model at its
default threshold of 0.5. The rule-based comparator uses class-aware, one-to-one
matches at ToU > 0.5; unmatched predictions and missed ground-truth objects
are excluded from redundancy classification. Each method is evaluated on its own
matched detections. The proposed model has a higher redundancy F1-score (0.972
versus 0.942) and a lower FPR (0.060 versus 0.111), supporting learned redundancy
assessment over this occupancy-only rule under the evaluated conditions.
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Method Accuracy Precision Recall Fl-score FPR
RGB + occupancy rule 0.937 0.906  0.981 0.942 0.111
Proposed 0.969 0.952  0.994 0.972  0.060

Table 5. Test-set redundancy classification: occupancy-based rule and proposed model

4.4 Ablation Studies

4.4.1 Effect of Cooperative Masks on Detection

To quantify the impact of the proposed mask-based cooperative priors on detection
accuracy, we trained a baseline YOLOv11x model on the same dataset using only
RGB input and the standard detection loss. The same RGB-detector settings are
used by the occupancy-based comparator in Section [£.3] Table [6] compares test-set
detection performance between the baseline and the proposed redundancy-aware
model.

Model Precision Recall mAP5;y mAP
Baseline (RGB only) 0.825  0.691 0.789 0.692
Proposed (RGB + masks) 0.781 0.734 0.803  0.687

Table 6. Detection performance on the test set: baseline vs. redundancy-aware model

The proposed model exhibits a slightly different precision—recall trade-off: re-
call increases from 0.691 to 0.734, while precision decreases from 0.825 to 0.781.
The mAP5q improves marginally, whereas the overall mAP remains comparable.
These results indicate comparable overall detection performance while enabling re-
dundancy estimation within a single inference pass. The differences are descriptive
results from the reported runs; statistical significance across training runs has not
been established.

4.4.2 Feature Fusion Strategy

To evaluate the importance of the proposed dual-branch architecture, we conduct
an ablation study in which the redundancy-mask branch is removed. Instead, the
inverse-distance and occupancy masks are concatenated directly with the RGB im-
age at the input, resulting in a 5-channel tensor that is processed by the standard
YOLOv11 backbone.

Table [7] reports the results. Compared to the proposed mid-level fusion design,
direct mask concatenation leads to a decrease in detection performance, particularly
in recall and overall mAP. Redundancy classification performance remains compara-
ble across both configurations, with direct mask concatenation achieving an accuracy
of 0.974, precision of 0.959, recall of 0.995, and an F1-score of 0.977.

Redundancy classification remains comparable between the two configurations.
However, the lower detection performance with direct concatenation supports the
dual-branch input architecture in this experiment.
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Method Params Precision Recall mAP;y mAP
Proposed 58.8 M 0.781 0.734 0.803 0.687
Concatenation  58.1 M 0.789  0.654 0.763  0.652

Table 7. Ablation study on feature fusion strategy

4.5 Computational Complexity and Runtime

Computational profiling and runtime measurements are performed in FP32 using
PyTorch 2.9.14cul28 (CUDA 12.8) on an NVIDIA GeForce RTX 4090 GPU. The
stored 450 x 800 images are resized with preserved aspect ratio and padded to
384 x 672 under the input-size setting of 640. All three architectures are profiled at
this resolution with a batch size of one.

Because learned weight values do not change the inference structure, latency
is measured using randomly initialized models and fixed synthetic inputs already
resident on the GPU. Each of three rounds comprises 30 warm-up passes followed by
100 timed forward passes, with CUDA synchronization around each measurement.
Table [§] reports the median over the resulting 300 measurements per model. The
measurements cover the model forward pass and exclude image preprocessing, mask
generation, data transfer, and non-maximum suppression.

Model Parameters (M) Est. GFLOPs Median (ms)
RGB baseline 56.878 123.145 8.922
Direct concatenation 58.099 127.016 9.360
Proposed fusion 58.767 128.279 9.609

Table 8. Model complexity and forward-pass latency at 384 x 672, batch size one

Relative to the RGB baseline, the proposed architecture increases the parameter
count by 3.32% and estimated FLOPs by 4.17%. Its additional median latency is
0.687 ms per image, corresponding to a 7.70 % increase on the reference GPU. Direct
concatenation increases estimated FLOPs by 3.14 % and median latency by 4.92 %.
These results quantify the cost of the architectural additions; net resource savings
depend on the downstream processing and communication avoided.

5 DISCUSSION

The results demonstrate that the proposed model can accurately detect objects
while simultaneously assessing redundancy based on cooperative perception cues.
However, several important considerations arise when interpreting its performance,
particularly with respect to safety, dataset characteristics, and the inherent limita~
tions of the V2X-Sim perception setup.
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5.1 Safety-Oriented Redundancy Assessment

As highlighted in Section [} the redundancy classifier achieves high accuracy and
an Fl-score above 0.97. Nevertheless, the relative importance of error types dif-
fers considerably in safety-critical domains. A false-positive redundancy prediction,
incorrectly labelling a non-redundant object as redundant, may prevent the object
from being forwarded to downstream perception modules, potentially causing the
system to overlook a previously unseen obstacle. In contrast, false negatives primar-
ily result in reduced computational savings under the proposed filtering policy.

To mitigate this risk, adjusting the redundancy decision threshold offers a prac-
tical and effective solution. A higher threshold biases the classifier toward treating
uncertain cases as non-redundant, thereby reducing the likelihood of suppressing
novel objects. This trade-off is evident in the evaluation with a threshold of 0.72,
which reduces the false-positive rate from 0.06 to 0.017 while maintaining strong
overall performance. Such threshold tuning provides a configurable safety mecha-
nism that enables deployment-dependent calibration.

5.2 Dataset Limitations

While V2X-Sim provides rich cooperative multi-agent annotations, its visibility-
filtering mechanism introduces noise into the ground-truth labels. Because the fil-
tering relies on LiDAR point counts to determine object visibility, some objects that
are clearly visible in the RGB images may be excluded from the dataset labels if
they receive insufficient LiDAR returns. This leads to situations in which the model
correctly detects an object, but the annotation treats it as background, thereby
artificially lowering the measured precision.

The opposite scenario also occurs. Certain objects, particularly vehicles for
which only the roof is visible because of occlusion, may pass the LiDAR visibility
threshold and thus appear in the ground-truth annotations, even though they are
not meaningfully visible in the camera image. In such cases, the detector may fail
to predict these objects.

The evaluation is limited to V2X-Sim and uses ground-truth annotations from
neighbouring vehicles with a fixed 200 ms delay. This setup does not capture the
full effects of missed detections or false positives from neighbouring vehicles, local-
ization errors, variable latency, or packet loss. Because V2X-Sim is a simulated
dataset, the present experiments also do not evaluate robustness to the full range
of road, lighting, weather, and connectivity conditions encountered in real-world
driving [I8]. Generalization to real-world cooperative perception therefore remains
to be evaluated.

5.3 Impact of Architectural Design Choices

The ablation studies provide insight into how cooperative perception priors should
be integrated into real-time object detectors. Directly concatenating the redun-
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dancy masks with RGB input degrades detection performance, particularly recall,
suggesting that sparse geometric cues interfere with early appearance-driven feature
extraction. In contrast, the proposed dual-branch architecture enables modality-
specific feature learning and preserves detection accuracy through mid-level fu-
sion.

Although redundancy classification performance remains high even with early
fusion, object detection reliability is a primary requirement for safety-critical percep-
tion systems. Since missed detections can lead to hazardous behaviour, maintaining
detection performance while enabling redundancy reasoning is essential, and the
proposed fusion strategy achieves this balance.

Redundancy classification is evaluated only on detections matched to annotated
objects at ToU > 0.5. As a result, configurations with lower detection recall may
implicitly bias redundancy metrics by excluding hard or borderline objects from eval-
uation. In particular, the direct concatenation variant detects fewer objects overall,
which may partially inflate redundancy classification scores by limiting evaluation
to easier detections.

These findings support architectural separation and mid-level fusion for incor-
porating cooperative perception cues while retaining comparable overall detection
performance.

5.4 Practical Implications and Use Cases

The ability to determine whether an object has already been perceived by connected
vehicles enables several practical applications in cooperative perception systems,
particularly those operating under communication or computation constraints. The
following use cases (UC) illustrate potential integrations into V2X pipelines; their
end-to-end resource savings are not evaluated in this work.

UC1: Camera-only ego vehicle: In scenarios where the ego vehicle is equipped
only with an RGB camera, redundancy predictions can serve as an efficient
and lightweight mechanism to identify objects that are novel from the perspec-
tive of other agents. Even without depth sensors, the inverse-distance mask
provides a coarse spatial prior that can be further refined through monocular
depth estimation. The ego vehicle may then transmit a minimal alert message
indicating the presence and approximate location of newly detected objects, im-
proving situational awareness for connected vehicles whose line of sight may be
occluded.

UC2: Selective offloading with camera—LiDAR perception: When the ego
vehicle has both camera and LiDAR, sensors, redundancy estimation can guide
selective offloading strategies. New objects, those not detected by neighbour-
ing vehicles, can be forwarded for full-resolution processing at an edge server
or remote computing unit, while redundant observations can be compressed or
downsampled. Techniques such as context-aware spatial downsampling [I4] can
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reduce the resolution of image regions containing only redundant objects, po-
tentially lowering bandwidth and computational requirements while prioritizing
critical regions.

UC3: Temporal LiDAR refinement instead of repeated full inference: If
the current frame contains only redundant objects, the redundancy decision can
be used as a gate for a lightweight temporal-refinement branch instead of im-
mediately invoking another full 3D detection or offloading cycle. Our previous
work [19] demonstrates a closely related mechanism in which previous-frame 3D
bounding boxes are propagated using object velocity, an enlarged region of in-
terest is extracted from the current LiDAR scan, and the box centre and yaw
are refined geometrically. On nuScenes, this procedure achieved a mean BEV
IoU of 0.665; 75.74 % of the refined boxes exceeded IoU > 0.5, and 41.77 % ex-
ceeded ToU > 0.75, with an average CPU runtime of 0.016 s per object. In the
proposed framework, the redundancy classifier could therefore provide the trig-
ger for identifying candidate frames for refinement-only processing, while any
detected non-redundant object would force the full downstream perception or
offloading path. These values should be viewed as evidence of feasibility rather
than expected end-to-end savings because the refinement study used annotations
as a proxy for detector outputs and did not quantify end-to-end communication
savings.

UC4: Prioritization in collaborative fusion: In cooperative multi-agent fu-
sion pipelines, redundancy-aware labels can be used to prioritize processing on
non-redundant observations. For example, edge servers can allocate more com-
putational resources to novel objects, or fuse only non-redundant detections first
to reduce overall latency. This is particularly beneficial in time-critical scenarios
where processing budgets are limited.

UC5: Integration with predictive scheduling and energy-aware percep-
tion: In electric or hybrid vehicles, computation incurs a measurable energy
cost. By identifying frames containing only redundant objects, the vehicle could
reduce the activity of downstream perception hardware for short intervals, sub-
ject to validation of the resulting perception performance. Such predictive-
scheduling strategies could improve energy efficiency during long-duration au-
tonomous driving.

Overall, the proposed redundancy-evaluation framework provides a foundation
for a broad range of cooperative perception optimizations, supporting potential com-
munication and computation savings through the prioritization of newly observed
objects.

5.5 Potential Savings in Selective Offloading

To quantify the opportunity for selective offloading, we use the fully redundant im-
age and timestamp percentages obtained from the V2X-Sim redundancy analysis in
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Section .2 We consider a reference system that uploads all three forward-facing
camera images and one LiDAR scan at every timestamp. A redundancy-aware
system can omit an observation when it contains no non-redundant objects. The
dataset analysis supports two selection granularities: individual camera images and
synchronized timestamps. The resulting percentages characterize the prevalence of
redundant observations in the dataset and are used below to estimate the corre-
sponding potential reduction in upload traffic.

At the image level, each camera view can be selected independently. The ideal-
ized reduction in the number of uploaded images for k neighbouring vehicles is

p‘}cmg _ Nfully redundant images(k) ) (4)

N; images

For an image size By, in bytes, three camera views, and a sampling rate of f = 5 Hz,
the corresponding reference image-upload rate is

3f 8Bimg
106 7

where the rates are expressed in Mbit/s. An uncompressed 800 x 450 8-bit RGB
image contains 1.080 MB, resulting in a reference rate of 129.60 Mbit/s. To provide
a compressed reference, the RGB image was encoded as JPEG at quality 90. The
encoded image has a size of approximately 0.104 MB, corresponding to 12.45 Mbit /s
for the three-view stream. Table [J reports the resulting idealized rate reductions.
The uncompressed values follow directly from the fixed image dimensions, whereas
the JPEG values are illustrative because the encoded size varies with image content
and encoder settings.

Rimg = Rimg,saved(k) = p;cngimga (5)

Uncompressed rate  JPEG Q90 rate

#CVs  Images omitted saved (Mbit/s)  saved (Mbit/s)

1 20.55 % 26.63 2.56
2 35.55% 46.07 4.43
3 42.46 % 55.03 5.29
4 44.64 % 57.85 5.56

Table 9. Idealized image-upload savings for uncompressed RGB and a representative
JPEG encoding

LiDAR offloading requires a stricter timestamp-level decision because one scan
is associated with the complete three-view observation. We therefore use a fully
redundant timestamp, for which all three evaluated camera images contain no non-
redundant objects, as a proxy for a LiDAR omission opportunity. Across the V2X-
Sim sweeps, the mean LiDAR size was 0.518 MB, corresponding to 20.71 Mbit/s
at 5Hz. Let p{® denote the fraction of fully redundant timestamps. The idealized
LiDAR rate reduction is

RLipaR,saved (k) = pZSRLiDAR- (6)



Early Redundancy Assessment in Cooperative Perception 1095

Table [I0] summarizes the timestamp-level estimates.

#CVs  Fully redundant timestamps LiDAR rate saved (Mbit/s)

1 0.86 % 0.18
2 5.97% 1.24
3 9.33% 1.93
4 10.44 % 2.16

Table 10. Idealized LiDAR-upload savings based on fully redundant timestamps

These estimates quantify the available offloading opportunity rather than the
savings achieved by the evaluated classifier. They assume correct identification of
fully redundant observations and exclude protocol overhead and additional V2X
messages.

6 CONCLUSION

This paper presented a redundancy-aware perception framework that integrates re-
dundancy assessment directly into the object-detection stage. By augmenting the
YOLOv11x architecture with lightweight spatial masks derived from cooperative
perception data, the proposed model can jointly detect objects and identify whether
they have already been perceived by connected vehicles. Experiments on the V2X-
Sim dataset show that the method maintains strong detection performance while
achieving an Fl-score of 0.97 in redundancy classification, demonstrating that the
mask-based representations provide meaningful context for reasoning about shared
observations.

The redundancy analysis shows substantial perceptual overlap, with up to 68 %
redundant objects, 44.64 % fully redundant images, and 10.44 % fully redundant
timestamps when four neighbours are available. Under the stated assumptions,
this corresponds to an idealized image-rate reduction of 57.85Mbit/s for uncom-
pressed RGB or 5.56 Mbit/s for the representative JPEG encoding, together with
approximately 2.16 Mbit/s of avoided LiDAR traffic. The proposed architecture
adds 4.17 % in estimated FLOPs and 0.687 ms in median forward-pass latency rela-
tive to the RGB baseline, indicating that redundancy assessment can be introduced
with limited inference overhead while enabling selective offloading.

As a direction for future work, the same redundancy-assessment mechanism
could be extended to single-vehicle perception. Instead of constructing masks from
detections shared by connected vehicles, the masks could be derived from the ego
vehicle’s own detections in the previous frame. This would allow the model to rea-
son about temporal redundancy and determine whether an object is newly observed
or has already appeared in recent frames. Such a capability could enable adap-
tive perception pipelines in which computationally expensive modules are activated
only when the scene contains novel information, thereby further reducing processing
demands in resource-constrained settings.
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Future work will also evaluate the method on real-world cooperative perception
datasets under imperfect neighbouring detections and communication conditions.
Deployment on representative automotive and edge hardware will enable measure-
ment of end-to-end latency, communication volume, and energy consumption.
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