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Abstract

Object detection in autonomous driving requires precise lo-

calization and an inherent understanding of the relational
context between co-occurring objects. In extremely com-
plex heterogeneous environments rare classes, small-scale
objects, and frequently appearing objects are difficult for
standard object detection frameworks to handle. In this pa-
per, we propose a novel framework called Context-Centric
Feature Fusion (CCFF), which utilizes two attention-based
modules, Local Context Fusion Module (LCFM) uses the
Rol-to-Rol self-attention mechanism to resolve spatial in-
teractions, mainly considering small and partially obscured
objects, while Global Context Attention Module (GCAM)
converts the co-occurrence of objects priors by pooling top-
K Rol features into a global context attention token, avoid-
ing the computational overhead of pixel-level global pool-
ing. This fusion of local and object-centric global features
vields contextualized embeddings that enhance classifica-
tion results and co-occurring objects detection. Our method
is evaluated on two datasets, Cityscapes and BDDI100K
which demonstrate significant improvement on relational
consistency, achieving a Category-level Consistency Strat-
egy (CCS) of 0.973 and 0.969, respectively. Furthermore,
our approach produces substantial gains in small object
detection (APs: 14.1%) and successfully recovers rare
classes such as “Train” that are typically lost in large dis-
tributions. Our efficiency report shows that the framework
processes images in real time with a 0.2 FPS overhead.

1. Introduction

A key element of autonomous driving is object detection,
which enables the model to perform subsequent opera-
tions [6] such as tracking, motion forecasting, planning,
and decision-making. Modern detectors, such as [3] have
achieved bottleneck performance in benchmark datasets,

however, real driving scenes remain challenging due to fre-
quent occlusions, cluttered intersections, diverse categories,
and visually ambiguous instances (e.g., partially visible
pedestrians or overlapping vehicles) [9]. In such scenarios,
accurate detection depends not only on the local appearance
of an object but also on the context [14] in which it appears.
In modern object detectors, small and low-frequency ob-
jects [8], and objects that appear under heavy occlusion or
in dense traffic scene, remain a challenging problem.

Inevitably, the structure of roads and contexts [11] in
which autonomous driving operates is very much fixed in
real-life environments. In many road scenes, intersections
and occluded objects co-occur, pedestrians are commonly
seen across sidewalks and crosswalks, and dense traffic pat-
terns often indicate particular object distributions. These
co-occurrence features presented here provide a strong prior
guideline that can determine these complex environments.
However, many traditional detection pipelines still pri-
marily rely on region-level appearance features extracted
around each proposal, which limits their ability to exploit
object-object relationships and global scene cues.

Based on these rationale, we propose a model that un-
derstands how objects appear together in a scene. Our main
contribution in this research work is as follows.

* We present a novel Context-Centric Feature Fusion
(CCFF) framework that combines local context fusion
module and object-centric global context module. This
helps the model to learn about local and global contex-
tual information required to enhance co-occurring object
detection performance.

e First, we introduce Local Context Feature Module
(LCFM) by using Rol-to-Rol attention to model nearby
object interactions that commonly occurs in crowded traf-
fic scenes.

* Second, our object-centric Global Context Attention
Module (GCAM) that integrates global context through
attention pooling over Rol features, explicitly encode



object co-occurrence priors in high-level environmental
cues relevant to autonomous driving. Finally, by fus-
ing on original Rol appearance features with locally and
globally enhanced context features we produce context-
enriched embeddings for classification and contextual
priors.

e We evaluate our proposed work on Cityscapes and
BDD100K datasets, demonstrating improved detection
performance and co-occurring objects identification,
specifically for partially occluded objects.

2. Related Work

2.1. Attention-Based Contextual Reasoning

For visual recognition tasks, transformer-based attention
mechanisms have become an interesting tool for mod-
eling long-range dependencies. By incorporating global
contextual information, transformer-based architectures
and attention-augmented convolutional networks [12] have
proven to perform well. Attention has been used at the
feature-map level in object detection to capture semantic
and spatial context [2, 7]. Despite their effectiveness, these
techniques lack explicit reasoning over instance-level repre-
sentations generated by region-based detectors and usually
work with dense backbone features.

2.2. Instance-Level and Relational Context

To model object-object instance-level visual relationships,
several studies have been investigated in the literature. At-
tention mechanisms are introduced to capture pairwise in-
teractions between detected objects by methods such as Re-
lation Networks [7] and object relation modules. Under-
standably, techniques mentioned here improve object lo-
calization and recognition by benefiting from instance-level
context. The majority of relational reasoning frameworks,
however, are only suitable as lightweight plug-and-play
modules within conventional two-stage detectors because
they are either made for relationship prediction tasks or re-
quire significant architectural changes.

2.3. Global Context in Two-Stage Detectors

To supplement local appearance features with scene-level
cues, object detectors have also integrated global context.
Previous research usually uses pooling over whole feature
maps [2, 12] or other context branches [1] to aggregate
global information. Recently introduced transformer-based
detectors use self-attention across tokens to implicitly en-
code global context [3, 16]. However, the methods men-
tioned here frequently have higher computational costs or
architectural complexity and do not explicitly model object
co-occurrence priors at the ROI level.
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Figure 1. Detailed schematic flow of the proposed Context-
Centric Feature Fusion (CCFF) architecture. Region propos-
als from the FPN are enhanced using parallel dual-stream contex-
tual reasoning channels. Our (1) the Local Context Fusion Mod-
ule (LCFM), handles localized spatial object interactions using
regional self-attention, (2) the Global Context Attention Module
(GCAM), maps global environmental priors by executing atten-
tion pooling over the top-K confident proposals biased by their
normalized bounding coordinates. Then fused, context-enriched
features pass directly to classification and regression heads to re-
solve ambiguities without relying on sequential tracking streams.

2.4. Query-Based Vision Transformers vs. Region
Priors

Recent paradigms in perception have shifted toward query-
based transformer detectors, such as Deformable DETR [3]
and DINO [16]. While these networks implicitly capture
small environment constraints layer-by-layer via broad self-
attention maps, they suffer from prolonged training con-
vergence, massive computational overhead, and a high de-
ployment overload. For highly active autonomous systems,
extracting explicit, instance-level spatial co-occurrences di-
rectly within structured region-of-interest (Rol) bounds of-
fers a much more deployment-viable alternative. Our CCFF
framework bridges this gap by introducing local-global re-
lational reasoning strictly inside the local prediction head,
resolving complex spatial occlusions without the underly-
ing model complexity or convergence overhead typical for
pure vision transformers.

3. The Proposed Method

3.1. Overview

Our proposed framework Context-Centric Feature Fusion
(CCFF) is presented in Fig. 1. Given an input image
I € REXWX3 we build our framework with a Detec-
tron2 backbone and Feature Pyramid Network (FPN) that
extracts multi-scale feature maps {F;}%_,, and a Region
Proposal Network (RPN) produces a set of region propos-
als P = {p;}¥,. Each proposal is mapped to a fixed-



dimensional Rol feature via RolAlign:
r; = RolAlign(F, p;) € R?, (1)

where F' denotes the respective pyramid feature level(s) se-
lected for the proposal.

While conventional Rol heads process each r; largely
independently, our goal is to enrich Rol representations
with contextual cues that are critical in autonomous driv-
ing scenes. To this end, we introduce two complementary
context modules: (i) local context modeling via Rol-to-Rol
attention and (ii) object-centric global context modeling via
attention pooling over Rols to encode co-occurrence priors
at the scene level [8]. The resulting features are fused and
passed to standard classification and bounding box regres-
sion heads.

3.2. Local Context Feature Modeling via Rol-to-Rol
Attention

In fixed-range contextual features there is a limitation, ad-
dressed recently in Dynamic Context Exploration (DCE)
[14] that proposed sensing local information dynamically.
In contrast, our Local Context Feature Module (LCFM) uti-
lizes Rol-to-Rol self-attention to resolve spatial interactions
without the need for manual surrounding searches. For
that we need to model object interactions among the pro-
posals generated earlier, by applying self-attention mech-
anism over the features generated by Rol. Let R =
[r1,...,rn]T € RVX4 Then we compute the following
query, key, and value embeddings using learnable linear
projections based on self-attention expessed as:

qi = Wyri, k;j =Wyr;, v;=W,r;, @)

where, W, W3, W, € R4a*4 and d,, is the attention em-
bedding dimension. Then attention weight from Rol i to
Rol j is computed as:

exp (q; k;/vVda)
St D (a] ko / VL)

The local context feature for Rol ¢ is obtained by aggregat-
ing value embeddings:

3)
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N
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j=1

Finally, we form the locally enhanced Rol representation
via residual fusion:

f‘i =r;+ Wloc Clioc’ (5)

where, Wi, € R%¥%_ This module enables each Rol to
incorporate information from other objects in the scene, im-
proving robustness in crowded and occluded driving scenar-
ios.

3.3. Object-Centric Global Context Attention Mod-
eling with Geometry Bias

To capture scene-level dependencies, we employ a global
context fusion strategy inspired by the query-independent
formulation presented in [2], which allows efficient long-
range modeling without the computational overhead of
standard non-local blocks. This global prior is then inte-
grated with local features presented earlier to resolve se-
mantic ambiguities in complex urban environments [14].

Local context captures short-range interactions but does
not provide a compact representation of the overall ob-
ject configuration of the scene. We therefore, construct an
object-centric global context vector by aggregating Rol fea-
tures rather than pixel-level feature maps in Global Context
Attention Module (GCAM).

3.3.1. Top- K selection

From the locally enhanced Rols {f;}; in LCFM pre-
sented earlier, we select the top-K proposals based on ob-
jectness or classification confidence, yielding:

S={GEbe)},, K<N, (6)

where by, = (xk, Yk, ws, hi) denotes the corresponding
Rol box in image coordinates.

3.3.2. Geometry-aware attention scoring

We incorporate a lightweight geometry bias into the atten-
tion logits. Specifically, we define a normalized geometry
encoding:

Tk Yk W hi 4
b :[77771 Yk og k] ert, @7
¢(br) = |37 o log 37 log 5 | € )
here, W, H are the image width and height. The geometry-
aware attention logit for Rol k is:

sp=u' o(W, i) + v é(by), (8)
~——— ———
content geometry bias

where W, € R4%*4 u € R%, v € R?* are learnable pa-
rameters, and o(-) is a nonlinearity (e.g., ReLU). Then we
normalize logits after applying Softmax.

The object-centric global context is computed as an
attention-weighted sum of Rol features:

K
g™ =" Bii € R ©)
k=1

The above Eq. (9) encourages the model to emphasize Rols
whose spatial layout is informative for driving scenes (e.g.,
traffic lights frequently appear in upper regions), while re-
maining lightweight and fully compatible with end-to-end
training.



3.3.3. Global context injection

We broadcast g°P to all Rols using a learnable projection
as follows: .
By =i + Waion 87, (10)

where W gjo1, € R4,

3.4. Context Feature Fusion and Detection Heads

We fuse appearance, local, and object-centric global con-
text cues to form the final Rol representation. Using the
original Rol feature r;, the local context feature c%"c from
Eq. (4), and the global context vector g°! from Eq. (9), we
compute:

£ = MLP([r, || || ™)) an

where || denotes concatenation and MLP(-) is a lightweight
projection network. The fused feature f; is fed into standard
detection heads:

pi = ClsHead(f;), b; = RegHead(f;), (12)
where p; denotes class probabilities and b; denotes pre-
dicted bounding boxes.

Finally, CCFF is trained end-to-end and the following
loss function is calculated.

L= Ecls + Aﬁreg7 (13)

where L. is the classification loss, L, is the regression
loss, and A is a hyperparameter used to balance the two
terms.

Because the local attention module (Egs. (2)—(5)) and
geometry-aware object-centric attention pooling (Egs. (6)—
(10)) are differentiable, gradients from Eq. (13) propagate
through the fusion stage (Eq. (11)) into both context mod-
ules and the backbone. The top-K selection in Eq. (6) is
discrete; however, the attention pooling weights and subse-
quent fusion remain fully differentiable and train stably in
practice.

4. Experimental Results and Analysis

4.1. Evaluation Metrics

We evaluate our proposed model by considering two spe-
cialized metrics beyond standard object detection metrics.
Our Co-occurring AP (CoAP) measures the precision of de-
tections within contextual pairs, focusing on the model’s
ability to resolve individual objects through their spatial
and semantic relationships [10], and Category-level Con-
sistency Strategy (CCS) [15] quantify the alignment be-
tween the predicted and ground-truth object co-occurrence
distributions [4]. This indicates that standard AP treats de-
tection as independent events, while these metrics collec-
tively demonstrate how effectively our Local Context Fu-
sion Module (LCFM) and Global Context Attention Module

Table 1. Comparative Analysis of the proposed approach on
Cityscapes (all variants)

Experiment | APT AP;01T AP 1 | APs APy, APp | CoAP CCS
Baseline 36.44 6059  36.11 | 12.03 34.68 60.89 | 0.386 0.972

Local 3534  59.12 3412 | 11.08 34.88 59.72 | 0.382 0.972
Global 3541 59.25 3422 | 11.12 3492 59.81 | 0.383 0.972
Ours 3547 59.35 3439 | 11.19 3499 59.87 | 0.389 0.973

Ours_geom | 3551  59.42 3445 | 11.22 3505 5992 | 0.385 0.972

(GCAM) capture the underlying structural logic of complex
driving scenes, ensuring that high-confidence detections re-
main semantically and contextually enhanced as proposed
in our research.

4.2. Implementation Details

Our proposed CCFF framework is implemented using two-
stage detector framework- Detectron2 that works on Faster
R-CNN based FPN backbone. Then the proposed modules-
LCFM and GCAM are inserted into the Rol head, as men-
tioned earlier, and trained end-to-end using the standard de-
tection losses, reported in Eq. (13). Unless otherwise stated,
we adopt the default Detectron2 model training schedule
and augmentations commonly used for these datasets. We
set the number of selected proposals for global context K =
{32 or 64} and keep the attention embedding dimension d,,
lightweight to limit overhead. We used Cityscapes [5] and
BDD100K [13] datasets with resolutions (2048 x 1024), and
(1280 x 720), respectively. All models are trained using
SGD with a fixed learning rate schedule. To ensure fair
comparison among the proposed model variants, we con-
sidered the same backbone, optimizer settings, batch size,
and categories.

4.3. Quantitative Analysis on Cityscapes

We reported the quantitative performance analysis of our
CCFF variants on the Cityscapes validation set in Table 1.
This shows that the baseline achieves overall AP perfor-
mance gain, our Ours variant demonstrates better capabili-
ties in relational reasoning and scale-specific detection. We
report scale-specific precision and our model demonstrates
strong retrieval capabilities, particularly for medium-scale
entities. Similarly, the proposed CCFF framework not only
localizes objects accurately but also maintains a high cap-
ture rate for critical road factors.

Relational Consistency and Co-occurrence: As re-
ported in Row 4 in Table 1, Ours variant achieves a CoAP
of 0.389 and a CCS of 0.973, outperforming all other con-
figurations, including the baseline. This improvement indi-
cates that our dual-stream context fusion successfully cap-
tures semantic dependencies between co-occurring objects.
Additionally, the higher CCS score indicates that our model
maintains higher spatial rank correlation, which is impor-



tant for scene understanding in autonomous driving.

Scale-Specific Performance: In (AP;;) column of Ta-
ble 1, Ours variant reaches 34.99% surpassing the base-
line’s 34.68%. This suggests that our object-centric fu-
sion logic is particularly effective for medium-range inter-
actions, where objects are close enough to provide mutual
context. From this, we observe that feature enhancement
from neighboring instances is required to resolve ambigui-
ties.

Ablation of Fusion Variants: Comparing the Local
and Global variants reveals that global scene context (AP
35.41%) provides a slight edge over purely local neighbor-
hood features (AP 35.34%). However, fusion of both in
Ours model provides the most balanced precision-context
trade-off. Finally, the Ours_geom variant gives the highest
raw AP (35.51%) among our proposed heads, ensuring that
geometric priors such as distance and orientation further re-
fine bounding box localization.

4.4. Quantitative Analysis on BDD100K

Our Table 2 shows the performance of the proposed vari-
ants on the BDD100K dataset. Here, our object-centric ap-
proach demonstrates superior efficacy in capturing complex
urban dependencies and resolving small-object localization
challenges inherent in the BDD100K benchmark.

Relational Integrity and Spatial Consistency: The
proposed Ours variant (shown in bold in Row 4) achieves
CoAP of 0.488 and CCS of 0.969, significantly outper-
forming the baseline. This lead indicates that our dual-
stream fusion head is uniquely robust at maintaining spa-
tial ranking and contextual precision, even in the diverse
lighting and weather conditions (main characteristic of
BDD100K dataset).

Small Object Detection Gains: A significant perfor-
mance improvement is observed in the small object cate-
gory of column (APs) in Ours method is 14.73%. Here,
by leveraging relational information from high-confidence
neighboring object proposal embeddings, our model ef-
fectively improves the feature representation of distant or
ambiguous objects, and as a result, our final overall AP
is 32.95%, establishing a competitive baseline for object-
centric autonomous driving research.

Geometric Refinement: By adding relative spatial pri-
ors in the Ours_geom variant (reported in Row 5 in Table
2), further optimization of localization is achieved, yielding
an overall AP of 32.21%. These results show that explicit
modeling of distance and orientation in highly competitive
environments provides a crucial inductive bias for original
scene understanding.

Contextual Constraints and Transformer Baselines:
While global query-based transformers implicitly model
multi-scale features, their lack of explicit localized geomet-
ric constraints often makes tiny, low-frequency, or heavily

Table 2. Object Detection and Category-level Consistency Strat-
egy Results on BDD100K (all variants)

Variant AP1T AP50T AP;s1 | APs APy, AP | CoAP CCS?T
Baseline 31.02 5421 30.50 | 12.12 32.08 52.12 | 0.408  0.952

Local 31.21  30.08 30.81 | 12.44 33.11 5242 | 0410 0.954
Global 3141 54381 31.09 | 12.06 3342 5281 | 0415 0.955
Ours 3295 56.89 3292 | 1473 3588 54.94 | 0.488  0.969

Ours_geom | 32.21  56.28 3251 | 1434 3551 5481 | 0431  0.965

occluded categories difficult to capture under strict edge la-
tency scenarios. In contrast, our dual-stream CCFF head
explicitly adds geometric inductive biases into the regional
level Eq. (8). This design allows our model to achieve a
significant performance enhancement in small-scale cate-
gory (APs: 14.73% on BDD100K) over standard two-stage
baselines. Crucially, as detailed in our efficiency bench-
marks (Sec. 4.5), this structural precision is achieved with
an almost negligible latency penalty of ~ 0.2 FPS. This in-
dicates that dedicated context-centric feature fusion yields
superior performance-to-latency trade-offs for real-world
driving environments over generic, unconstrained pixel-
level transformer baselines.

We evaluate the effectiveness of our proposed CCFF
framework by visualizing the semantic relationships cap-
tured during inference on the Cityscapes dataset. As illus-
trated in Fig. 2, we present the original input image (left)
alongside the corresponding detections and co-occurrence
edges generated by our framework (right). Our model ex-
plicitly maps co-occurrences of objects through a network
of colored semantic edges, such as person <> car and per-
son < bicycle. Using CCS, the framework is able to rea-
son about the structural layout of the scene, achieving high-
confidence detections even for challenging “tail” categories
(e.g., rider 89%, motorcycle 99%) in cluttered urban en-
vironments. The dense network of edges demonstrates how
our local-global feature fusion leverages co-occurrence data
to resolve ambiguities and provide a more holistic under-
standing of the scene compared to standard localized detec-
tion pipelines.

Similarly, Fig. 3, visualizes the semantic relationship
captured during inference on the Cityscapes dataset. Here,
our proposed framework exhibits high robustness in com-
plex street scenes containing diverse object scales. In
this scenario, the CCFF accurately detects a large-scale
tram (train 99 %) while simultaneously identifying several
smaller cars and pedestrians in the middle-to-background
regions. By using CCS, our model generates a dense net-
work of edges that link these heterogeneous objects. Specif-
ically, the presence of the highly-confident train detection
acts as a contextual anchor, where the resulting semantic
edges—including the person <+ car (red) and other co-
occurrences (white)—provide global relational cues that re-
inforce the detection of more distant or partially occluded
instances. This explicit modeling of spatial and semantic
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Figure 2. Qualitative visualization of semantic co-occurrence links during inference on Cityscapes. The left panel displays the raw
input scene. The right panel illustrates finalized model predictions with our explicit relational logic links. Line colors distinguish discrete
category configurations (e.g., red for person <+ car, green for person <+ bicycle). Line widths reflect attention confidence, demonstrating
how the model utilizes highly visible anchors to stabilize the classification of ambiguous background elements.

proximity ensures that the final predictions remain consis-
tent with the structural layout of the urban environment,
achieving a more holistic scene interpretation than tradi-
tional, localized detection methods.

4.5. Efficiency Analysis

An efficiency analysis is reported in Table 3 reveals that
our CtxFusion module adds 5.38M parameters, represent-
ing a manageable 13% increase in model size over the base-
line. In terms of latency, the overhead remains minimal
across varying resolutions: BDD100K (1280 x 720) incurs
an additional 7.7 ms, while the high-resolution Cityscapes
(2048 x 1024) sees a 16.5 ms increase. Consequently, our
method maintains real-time viability with only a marginal
FPS reduction (= 0.2), demonstrating that our object-
centric improvements do not sacrifice practical deployment
speed.

Table 3. Model Complexity and Inference Efficiency. All mod-
els use ResNet-50 + FPN backbone and are evaluated on a single
GPU.

Dataset Variant Params (M) Lat. (ms) FPS

Cityscapes Baseline 41.33 308.04 3.25

Ours 46.71 324.57 3.08

BDD100K Baseline 41.33 160.53 6.23

Ours 46.71 168.24 5.94

Overhead (A) | Added +5.38 +7.7-16.5 ~-0.2
4.6. Ablation Study

We conduct ablation study to evaluate the performance of
our CtxFusion components, as summarized in Table 4. The
results indicate that while individual Local or Global mod-
ules establish stable relational baselines, their combination
is required to effectively capture complex urban dependen-
cies.

Effect of Dual-Stream Fusion: By analyzing the re-
sults reported in Table 4 we can understand that integrating
local neighborhood interactions with global scene context
(Row 3) provides the most significant performance leap. In
the diverse BDD100K dataset, this dual-stream approach
achieves a peak AP of 32.95 and a substantial boost in con-
textual precision (CoAP: 0.488). This suggests that mod-
eling the relationship between an object and its immediate
neighbors, while simultaneously accounting for the overall
scene configuration, is essential for resolving ambiguities in
complex driving environments.

Role of Geometric Priors: The addition of geometric
embeddings ¢(by) in the Ours_geom variant (Row 4) acts
as a structural stabilizer. While the content-only fusion in
Row 3 provides higher raw AP on BDD100K, the geomet-
ric variant maintains high reliability across datasets. By
anchoring features to physical coordinates and scales, the
model moves toward a structural reasoning approach that
effectively filters background noise and resolves position
ambiguities for distant objects.

Co-occurrence Supervision: We observe that the
model’s ability to maintain high CoAP and CCS scores
depend on the joint optimization of the local and global
modules. Even without a separate supervision term,
the dual-stream architecture implicitly learns semantic co-
occurrence priors.

Table 4. Ablation study of context components on Cityscapes and
BDDI100K validation sets.

Components Cityscapes BDD100K
Loc. Glob. Geom. | AP CoAP CCS | AP CoAP CCS
Baseline 36.44 0386 0972 | 31.02 0408 0.952
v X X 3534 0382 0972 | 31.21 0410 0.954
X v X 3541 0383 0972 | 3141 0415 0.955
v v X 3547 0389 0973 | 3295 0.4838 0.969
v v v 3551 0385 0972 | 3221 0431 0.965




person <=> car

person <—> bicycle

car <—> bicycle
—person <=> bus
—other <—> other

-

Figure 3. Qualitative results illustrating scale robustness in heterogeneous urban driving environments. The left panel represents
the raw street environment. The right panel displays the corresponding CCFF inference result. Our model simultaneously maps the
co-occurrences by utilizing a highly confident macro landmark (e.g., the 99% confidence train extraction) as a structural anchor. The co-
occurrence links (e.g., yellow line represents person <> bus ) act as a contextual representation to confidently identify and recover distant

or heavily occluded background instances.

5. Conclusion

In this paper, we introduce Context-Centric Feature Fu-
sion (CCFF), a framework that improves autonomous driv-
ing perception by leveraging explicit relational reasoning.
Rather than treating objects in isolation, CCFF uses two key
components: the Local Context Fusion Module (LCFM)
to capture spatial relationships between regions, and the
Global Context Attention Module (GCAM) to model how
objects typically co-occur. Together, these modules shift
the focus from independent detection to holistic scene un-
derstanding. Our evaluations on Cityscapes and BDD100K
show significant gains, especially for small or rare objects
that are often misidentified. Furthermore, a higher CCS
confirms that our model successfully learns the underlying
structural layout of urban environments.
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