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Résumé

Cet article présente CAESAR++, une approche pour
la détection d’objets routiers qui combine la prédiction
conforme, un raisonnement contextuel adaptatif et des
cartes de saillance a double couleur. CAESAR++ calibre
d’abord les incertitudes de classification et de localisation
au moyen d’une procédure conforme en deux étapes, puis
agrandit dynamiquement la fenétre de contexte autour de
chaque détection en fonction de son niveau d’incertitude,
et produit enfin des explications au niveau de [’objet
qui distinguent les indices sensoriels locaux des indices
contextuels. Les expériences montrent des gains constants
en précision, en calibration de 'incertitude et en stabilité
des explications, sans réentrainer les modeéles de base.

Mots-clés
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Abstract

This paper introduces CAESAR++, a framework for
road object detection that combines conformal prediction,
adaptive contextual reasoning, and dual-color saliency
maps. CAESAR++ first calibrates classification and
localization uncertainty using a two-step conformal
procedure, then enlarges the context window around each
detection in proportion to its uncertainty, and finally
produces object-wise explanations that disentangle bottom-
up semsory evidence from top-down contextual cues.
Experiments indicate consistent improvements in detection
accuracy, uncertainty calibration, and explanation stability
without retraining the base models.
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1 Introduction

Reliable perception is a central requirement for autonomous
vehicles and advanced driver-assistance systems. In real-
world urban traffic, detectors must recognize and localize

This paper is a conference-length version of a manuscript submitted
to Neurocomputing (Elsevier), currently under review after revision.

a variety of objects despite occlusions, adverse weather,
cluttered backgrounds and small apparent sizes. Recent
deep learning detectors have made considerable progress
[/], yet they often remain overconfident and brittle under
challenging conditions in real-world scenarios [].

Two aspects are particularly critical for trustworthy
perception. First, the system should provide well-calibrated
uncertainty on both class labels and bounding boxes so
that downstream modules can take risk-aware actions.
Second, the system should expose human-understandable
explanations that reveal which visual cues drive each
detection, in order to support debugging and user trust [*].
Existing approaches usually address these aspects
separately.  Uncertainty estimation methods, including
Bayesian approximations and ensembles [+, 5], improve
calibration but rarely show how to act on the estimated
uncertainty. Conformal prediction provides distribution-
free coverage guarantees [0, /], and recent work has
adapted it to detection [&, “]. However, these methods are
often limited to reporting coverage statistics, without using
uncertainty to guide refinement or explanation.

Conversely, explanation techniques for object detectors
[/ 0] usually rely on local visual features and fixed context.
Current systems often either waste computation on easy
cases or leave false detections unresolved.

This leads to a persistent gap between reliability and
explainability in safety-critical settings, where these two
capabilities are not fully unified within a single framework.
This work proposes CAESAR++, which extends our
previous context-aware explanation framework CAESAR
[/ 1] into an integrated system that:

— produces statistically valid uncertainty estimates on
labels and bounding boxes;

— uses these estimates to adapt the amount of contextual
information considered for each detection;

— generates dual-color saliency maps that clearly separate
local features from contextual reasoning;

Although the proposed methodology is mainly designed
for urban road scenes with complex interactions and
challenging conditions, we also evaluate its generalization
on diverse datasets under controlled out-of-context settings
to demonstrate its robustness beyond the target domain.
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Figure 1: Overview of CAESAR++ main contributions. Top row: baseline detections in challenging urban conditions, with
missed or mislocalized objects. Middle row: corresponding refined detections produced by adaptive contextual reasoning.
Bottom row: dual-color saliency maps where red highlights sensory evidence and blue highlights contextual cues.

Contributions. The main contributions are as follows:

— A detector-agnostic pipeline that combines a two-step
conformal prediction procedure [] with context-driven
refinement for road object detection.

— An end-to-end contextual reasoning mechanism that
adaptively expands the spatial window around each
detection proportionally to its calibrated uncertainty.

— A dual-color saliency scheme based on Grad-CAM++
[12, 15] that disentangles bottom-up cues from top-
down context, providing instance-wise explanations
with improved visual clarity.

Figure | illustrates consistent improvements obtained by

CAESAR++ over a baseline detector in challenging scenes.

Overall, the framework enhances detection performance

while also making the decision process more transparent.

The rest of the paper is organized as follows. Section 2

reviews related work. Section 3 presents the CAESAR++

framework. Section 4 reports the main experimental results.

Section 5 provides additional insights and implications.

Section 6 concludes the paper and outlines future work.

2 Related work

Uncertainty in object detection. Uncertainty estimation
is essential to detect overconfident errors in safety-critical
applications. Bayesian formulations and dropout-based
approximations [“] offer principled tools to estimate
epistemic and aleatoric uncertainty, while deep ensembles
provide strong empirical calibration [5].  Conformal
prediction offers an alternative that yields finite-sample

coverage guarantees under mild assumptions [0, /]. Recent
works adapt conformal prediction to object detection [=, ],
with separate calibration of classification and localization.
These studies mainly focus on coverage metrics and
interval width, and do not exploit uncertainty to steer
context usage or explanation.

Explainability for detectors. Gradient-based explanation
methods such as Grad-CAM and Grad-CAM++ [12, 7],
and perturbation-based approaches such as RISE [ /], have
become standard for visualizing the internal reasoning of
convolutional networks. Several extensions build object-
specific saliency maps for detectors [!5, 10, 17], and
human attention has been proposed as an additional signal
[12]. These works considerably improve instance-level
interpretability, but largely treat all detections in the same
manner and use fixed context ranges. As a result,
explanations can become noisy on ambiguous cases and
waste computation on very confident detections.

Contextual reasoning and computation strategy. Human
observers strongly rely on scene context when local
evidence is insufficient [/ ©]. Modern detectors incorporate
context via attention mechanisms and relation modules
[20, 21], which improves robustness in cluttered scenes.
In parallel, dynamic computation strategies adjust the
amount of processing to the difficulty of the input [, 27].
However, most context modules are integrated into the
detector architecture and require retraining. CAESAR++
instead provides a detector-agnostic, post-hoc mechanism
that triggers context expansion and refinement.
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Figure 2: Overall CAESAR++ pipeline showing the successive stages from initial detection (yellow) to uncertainty estimation
(red), contextual refinement (blue), and post-hoc explainability (green). The detector first generates predictions; conformal
calibration then produces uncertainty scores that guide adaptive context expansion using semantic segmentation; the refined
patch is reprocessed, and dual-color saliency maps are finally generated. Numbered images illustrate corresponding steps.

3 CAESAR++ framework

Figure 2 summarizes the end-to-end workflow of our
proposed method. The following subsections provide a
detailed description of each main component in turn.

3.1 Context modeling from segmentation

CAESAR++ builds on the context computation strategy
introduced in our prior work CAESAR [!!]. To model
the typical contextual environment associated with each
road object category, we employ a lightweight semantic
segmentation network tailored to our use case. Specifically,
we use DeepLabV3+ [24] with a MobileNetV2 backbone
[25], pretrained on MS COCO and fine-tuned on Cityscapes
[26]. The model is evaluated on selected images from TJU-
DHD-Traffic [77], BDD100K [”#], and Pascal VOC [2"].
For each instance of a road object class, we define a local
window centered at its centroid and count the distinct
semantic classes intersecting this window. The resulting
counts are normalized over the dataset, and for each
road object category we retain the most frequent context
classes as well as co-occurring road objects. Table |
reports the resulting context sets. Road objects themselves
are also considered as potential context for other road
objects, reflecting the structured nature of traffic scenes
[19]. This design deliberately focuses on meaningful in-
domain context modeling, rather than on out-of-distribution
scenarios beyond the scope of this work.

3.2 Two-step conformal calibration

For each image in a calibration set, the base detector outputs
candidate bounding boxes and class probabilities. Based
on the procedure adopted by [?], CAESAR++ derives
nonconformity scores for labels and bounding boxes and
computes empirical quantiles that will be used at test time.

Table 1: Relevant context classes for each road object
category. Context categories are indicated in italics and co-
occurring road objects are underlined.

Road Object Relevant Classes

Person road, sidewalk, pole, person, rider, bicycle
Rider road, sidewalk, wall, rider, bicycle, motorcycle
Car road, traffic sign, pole, person, rider, car
Truck road, traffic light, building, car, truck, bus

Bus road, traffic sign, building, car, truck, bus
Tram road, fence, vegetation, person, car, bicycle
Motorcycle road, wall, building, person, rider, motorcycle
Bicycle road, sidewalk, wall, person, rider, bicycle

For labels, the nonconformity score is defined as one minus
the predicted probability of the true class. The empirical
quantile at level (1 — «) defines a threshold; at test time,
the conformal label set for a given detection contains all
classes whose complement probability does not exceed this
threshold, to yield marginal coverage guarantees on labels.

For bounding boxes, we use conformalized quantile
regression [°0], where each coordinate is predicted with
lower and upper quantiles, and the nonconformity score
is defined as the largest deviation outside this predictive
interval. The corresponding quantile then determines a
symmetric expansion of the predicted box, yielding a
conformal prediction set for localization.

To drive context adaptation, CAESAR++ introduces a
normalized uncertainty score v in [0,1] by aggregating
label and box nonconformity, which is then used to
derive the adaptive threshold for context expansion. Low
values indicate confident detections, whereas high values
correspond to ambiguous cases.
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Figure 3: From left to right: baseline detections, refined detections with CAESAR++, and dual-color explanations for
individual objects. Red indicates sensory evidence, blue indicates contextual support. Uncertainty scores omitted for clarity.

3.3 Adaptive context selection

Given the conformal outer box and the normalized
uncertainty score of a detection, CAESAR++ determines
how much surrounding context should be incorporated.
Confident detections are left unchanged, whereas uncertain
ones are reprocessed with a larger contextual region.

The context window is expanded using a simple linear rule
that progressively enlarges the region from the outer box
toward the full image as uncertainty increases. This choice
provides a direct and monotonic relationship between
uncertainty and context expansion, while remaining easy to
interpret and free of additional hyperparameters. We also
evaluated nonlinear mappings, but we retained the linear
formulation for its simplicity and stable behavior.

To avoid unnecessary reprocessing, CAESAR++ further
relies on a data-driven certainty criterion derived from the
recent distribution of uncertainty scores [ 1]. Detections
whose uncertainty falls below a low adaptive threshold
are processed directly with the original box, while the
remaining detections undergo contextual enhancement.
Within the selected region, semantic masks preserve the
relevant classes listed in Table | and suppress irrelevant
areas before the refined patch is fed back to the detector.

3.4 Dual-color saliency maps

To explain individual detections, CAESAR++ constructs
two complementary saliency maps per object using Grad-
CAM++ [ 2, 1] as the baseline approach.

A bottom-up map is obtained by applying Grad-CAM++
to the original detection without context expansion. It
captures the direct sensory evidence for the prediction. A
second map is computed for the refined detection after
context refinement. The difference between the refined and
original maps highlights top-down contextual cues.
Bottom-up saliency is visualized in red and top-down

contribution in blue. For detections classified as certain,
only the bottom-up component is displayed, smoothed
by a Gaussian kernel [3”] to enhance spatial coherence.
For uncertain detections, both components are shown,
providing a clear view of how context modifies the decision.
As illustrated in Fig. 3, this representation improves
interpretability over the initial detector output. It offers
a compact and informative view of the interplay between
appearance and context, helping to understand both the
detection update and the underlying decision mechanism.

4 Results

4.1 Experimental setup

We evaluate CAESAR++ on three datasets: TJU-DHD-
Traffic [77], BDD100K [2%] and Pascal VOC 2012
[29]. Each contributes 5000 validation images. TJU-
DHD-Traffic contains diverse driving scenes with strong
environmental variations. BDDI100OK covers dense urban
environments. Pascal VOC includes a broader set of scenes
and objects, which is less specific to driving but useful to
test generalization across various scenarios.

We consider six detectors representing one-stage, two-stage
and transformer-based paradigms, including YOLOvV8m
[22], IA-YOLO [:4], EfficientDet-D4 [35], L-SSD [:0],
RT-DETR-R50 [#7], and Faster R-CNN [¢]. CAESAR++
is applied as a post-processing module without retraining.
Detection performance is measured with mAP@0.5:0.95
and mAP@0.5, false negative rate (FNR), false discovery
rate (FDR), Fl-score and frames per second (FPS).
Uncertainty quality is assessed through label and
box coverage and mean prediction interval width [7].
Explanations are evaluated with Deletion and Insertion
metrics [!4], the Energy-Based Pointing Game (EBPG)
[39], and Average Stability (AvgS) for robustness [/0].



Table 2: Detection results comparison on TJU-DHD-Traffic validation set with and without CAESAR++ (95% CI). Metrics
reported: mAP@0.50:0.95 (1), mAP@0.5 (1), False Negative Rate (FNR, |), False Discovery Rate (FDR, |), F1-Score (1),

and FPS (7). Better results are bolded.

Detector brief description Method mAP@0.50:0.95mAP@0.5 FNR | FDR | F1-Score 1 FPS 1
One-stz anchor-based (1) YOLOv8m 50.8+1.4 734+ 1.5 8.2+0.8 7.8+ 0.5 782+ 1.7 58.1 + 0.6
ne-stage, anchior-base (1) + CAESAR++ 537407  79.1+£08 48+ 04 42403  829+07 528+18
One-stage, anchor-based, (2) IA-YOLO 52.24+1.2 75.1+1.4 5.1+0.8 54+0.7 80.5 £ 1.7 79.7£1.2
image adaptive processing (2) + CAESAR++ 54.8 + 0.8 80.3 + 0.7 2.74+0.3 22402 84.7 +£ 0.8 75.8 2.1
One-stage, (3) EfficientDet-D4  52.5 + 1.1 75.8+0.9 7.2+0.7 494+0.5 80.8 1.2 35.8+£0.5
EfficientNet architecture (3) + CAESAR++ 554 + 0.7 81.2 £ 0.5 43+04 2.1+03 84.1 £ 0.5 32.1+1.1
One-stage, anchor-based, (4) L-SSD 46.9+ 1.0 71.4+0.8 8.7+ 0.6 4.9+0.5 76.9 +£0.8 99.9 +£0.7
lightweight (4) + CAESAR++ 50.4 + 0.6 771+ 0.4 54404 2.84+0.2 80.3 + 0.4 94.3+ 1.6
Transformer-based, real-time (5) RT-DETR-R50 51.24+0.9 73.8+£0.8 6.94+0.6 48+04 81.4+1.0 68.3+ 1.6
end-to-end (5) + CAESAR++ 53.5+0.5 77.0 £ 0.4 43+04 22+03 84.2 +£ 0.6 66.1 +2.1
Two-stage, region proposal (6) Faster R-CNN 53.4+0.4 75.4+£0.5 4.7+04 42+0.3 82.3+0.7 9.8+0.2
networks (6) + CAESAR++ 56.6 + 0.2 80.9 + 0.3 21+0.2 1.3+0.2 86.2 £ 0.4 7.44+0.8

Table 3: Accuracy gains in mAP@0.50:0.95 after applying CAESAR++ on YOLOv8m across object sizes and eight road
object classes in cross-dataset validation. Object sizes are stratified following the COCO challenge. Values are mean =+

standard deviation in percentage points.

Train Test Small Medium Large Person Rider Car Truck Bus Tram M.cycle Bicycle
TIU-DHD  PascalvVOC 5.1+0.6 3.0+0.4 1.1£0.3 4.3+0.5 3.9+£0.6 3.44+04 1.8+04 1.7+0.3 0.7£0.3 5.24+0.7 54+£0.8
TIJU-DHD BDDIOOK 5.9+0.5 3.840.4 1.4+0.2 52404 4.5+£0.5 3.840.3 2.0£0.3 1.94+0.2 0.8+0.2 6.3+0.6 6.4£0.6
PascalVOC TJU-DHD 3.6£0.7 2.3+0.5 0.94+0.3 3.6+0.5 3.5+£06 3.1+04 1.54+0.5 1.4+04 0.3£0.1 4.7+0.7 4.6%0.8
PascaVOC BDDIO0OK 4.0+0.7 2.54+0.5 0.9+£0.3 3.84+0.6 3.7£0.5 3.3+04 1.6+0.5 1.44+04 04=£0.1 4.84+0.7 4.8£0.7
BDDI100K TJU-DHD 5.5+0.6 4.24+04 1.3+0.2 5.04+04 4.4+0.5 3.840.3 1.9+0.3 1.840.3 0.8+0.2 6.1+0.6 6.2+0.6
BDDI100K PascalvVOC 4.7+0.6 2.84+0.4 1.1£0.2 3.94+0.5 3.9+£0.6 3.44+04 1.8+0.5 1.7+0.3 0.5£0.3 5.1+0.7 5.3£0.7

4.2 Detection performance

Table 2 presents results on TJU-DHD-Traffic for a subset
of detectors, with and without CAESAR++. In all cases,
CAESAR++ improves mAP and reduces both FNR and
FDR. The gain in mAP@0.5:0.95 reaches about three
percentage points for some detectors, and the reduction in
FNR and FDR often exceeds fifty percent relative.

An important trend is that FDR often decreases nearly as
much as FNR. This suggests that CAESAR++ is effective
at suppressing uncertain false alarms by incorporating
semantically relevant context, while still reducing missed
detections. In safety-critical road perception, this is a
desirable trade-off: fewer false positives improve reliability,
and fewer false negatives better support safe navigation.
From a deployment perspective, the computational cost
remains moderate because only uncertain detections are
reprocessed. As a result, the FPS drop is limited for
the one-stage and transformer-based detectors, whereas
Faster R-CNN remains the computational bottleneck in
absolute terms due to its inherently heavier design. The
additional computation depends on the proportion of
uncertain detections. Detectors with stronger baselines
generate fewer uncertain cases and therefore incur smaller
slowdowns. In most configurations CAESAR++ maintains
real-time performance of the base models, for example
more than 70 FPS with IA-YOLO.

Cross-dataset experiments with YOLOv8m (Table 3) show
that the largest gains are achieved for small objects

and for classes such as pedestrians, riders, bicycles
and motorcycles, which are both critical for safety and
particularly difficult to detect. This is consistent with
the fact that small instances provide limited appearance
evidence inside the original bounding box, so neighboring
structure becomes more valuable for disambiguation.

4.3 Visual explanations

Figure 3 shows qualitative examples with YOLOv8m. The
baseline detector misses several objects and sometimes
misplaces bounding boxes. After CAESAR++ refinement,
detections are more accurate, and the dual-color visual
explanations reveal which parts of the image support each
decision. Red regions capture the object appearance itself,
whereas blue regions highlight contextual structures such
as road, sidewalks or nearby vehicles. This separation is
particularly useful when local appearance is weak, because
it makes explicit how contextual information helps resolve
ambiguity caused by occlusion, clutter, or low contrast.
Table 4 quantitatively compares CAESAR++ with three
object-specific peer explainers [ | 5, |6, | /] across detectors.
The reported metrics capture complementary aspects of
explanation quality. Insertion measures how much the
detector score increases as salient pixels are progressively
revealed, Deletion measures how quickly the score
decreases as they are removed, EBPG evaluates spatial
alignment with the ground-truth bounding box, and AvgS
assesses the stability of explanations under perturbations.



Table 4: Comparison of object-specific explainers on TJU-DHD-Traffic with YOLOv8m, Faster R-CNN and RT-DETR-R50.
Metrics: Deletion (Del., ), Insertion (Ins., 1), EBPG (1), AvgS ({). The best result for each metric is in bold.

Method \ YOLOvV8m \ Faster R-CNN \ RT-DETR-R50

| Del. Ins. EBPG AvgS | Del Ins. EBPG AvgS | Del. Ins. EBPG AvgS
D-RISE 0.22 0.54 0.51 0.13 0.21 0.57 0.51 0.13 0.24 0.54 047 0.15
D-CLOSE 0.19 0.55 0.55 0.11 0.21 0.66 0.78 0.16 0.22 0.56 0.55 0.12
D-MFPP 0.22 0.58 0.64 0.09 0.18 0.63 0.69 0.09 0.18 0.57 0.59 0.10
CAESAR++ 0.21 0.65 0.62 0.08 0.17 0.69 0.71 0.07 0.19 0.64 0.56 0.09

CAESAR++ achieves the best Insertion and AvgS results,
showing that its explanations consistently identify decision-
relevant regions and remain reliable under small input
changes. Its Deletion scores are also competitive, which
indicates that the highlighted areas are not only visually
meaningful but also influential for the detector response.
The slightly lower EBPG values are consistent with the
design of CAESAR++. Unlike other methods that restrict
explanations to the object interior, CAESAR++ is explicitly
context-aware and may attribute part of the decision to
surrounding structures when they help disambiguate the
detection. This is not a limitation of the method, but
a reflection of the fact that road-object recognition often
depends on scene context, especially for uncertain, partially
occluded, or small instances.

As aresult, CAESAR++ provides explanations that are less
box-constrained but more informative and interpretable,
since they expose both what the detector directly sees and
how context changes the final decision.

5 Discussion

CAESAR++ is particularly effective in urban driving
scenes, where the semantic relationships learned during
context modeling remain representative of the scene at test
time. In this setting, the uncertainty score serves as a
meaningful indicator of ambiguity, the adaptive window
retrieves relevant surrounding cues, and the explanation
branch makes the contribution of context explicit. This
behavior matches the intended design of the framework,
which is to exploit regular scene structure in order to
improve both detection reliability and interpretability, while
remaining fully compatible with the underlying detector.
Its behavior is less favorable when the scene departs from
the semantic prior encoded during context construction. In
out-of-distribution or unusual situations, uncertainty may
still increase, but the contextual evidence available in the
enlarged window may be incomplete or poorly aligned with
the expected traffic pattern. In such cases, the refinement
stage is triggered on weaker contextual support, and the
improvement in detection or explanation quality may be
limited. This is an inherent consequence of the method’s
design, which targets structured road scenes rather than
open-world conditions with unsupported semantics.

A second potential limitation arises in sparse scenes or
in configurations where informative cues lie outside the
adaptive crop. In such cases, the method may still detect
ambiguity correctly, but the expanded region does not
necessarily provide enough additional semantic evidence to

justify the extra computation. This leads to a diminishing
return effect, where refinement is correctly triggered but the
contextual gain remains limited. For this reason, in latency-
sensitive deployment scenarios, contextual reprocessing
should be applied selectively, for instance by capping
the number of refined detections or by restricting the
mechanism to the object classes for which context is most
informative and operationally relevant.

Regarding the balance between error types, the framework
lowers both false negatives and false discoveries, but not
always to the same extent. In real-world perception, this
trade-off should be interpreted in light of the downstream
application: missed detections are generally more critical
than occasional false alarms, especially for vulnerable road
users. As a result, the operating point should be chosen
according to the target system requirements, with priority
given to recall when safety is the primary concern. The
latency overhead introduced by CAESAR++ is therefore
acceptable when a moderate increase in computation is
compatible with the application, but it should be managed
carefully in real-time deployments.

6 Conclusion and perspectives

This paper presented CAESAR++, a detector-agnostic
framework for road object detection that jointly addresses
uncertainty quantification, adaptive contextual reasoning
and visual explainability. By coupling a two-step conformal
prediction with context-aware refinement and dual-color
saliency maps, CAESAR++ improves detection accuracy,
calibrates uncertainty and yields robust, plausible, and
interpretable explanations. Experiments across multiple
detectors and datasets show consistent gains, especially for
small and difficult objects, with reasonable cost.

Future work will focus on reducing computational
overhead through lighter segmentation backbones, single-
pass refinement without re-detection, and more selective
contextual expansion. We also plan to explore online
recalibration and adaptive preprocessing to reduce reliance
on segmentation in atypical scenes, while extending the
framework to stronger domain shifts and related tasks such
as instance segmentation and tracking.
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