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Abstract—This paper presents a novel framework designed
to enhance key object identification in autonomous driving.
Existing methods primarily focus on either detecting objects
independently or leveraging visual relationships, but they do not
explicitly consider the ego vehicle’s perspective in determining
object importance. To address this gap, we propose a structured
approach that integrates a virtual ego-vehicle representation
and a modular object state predictor, enabling a more accurate
estimation of object behaviors relative to the ego-vehicle. Sub-
sequently, our framework employs spatial-temporal reasoning
to refine key object identification, prioritizing objects based
on their states and relative spatial information rather than
relying solely on visual relationships. Experimental results on
real-world driving datasets demonstrate the effectiveness of our
approach in accurately detecting critical objects in complex
traffic environments.

Index Terms—Autonomous vehicle, Object State Prediction,
Key Object Identification

I. INTRODUCTION

In recent years, the evolution of autonomous vehicles (AVs)
has witnessed remarkable technological breakthroughs, with
multiple industry leaders worldwide demonstrating stable and
safe driving capabilities in complex urban environments [1].
However, due to the lack of trust in AVs, drivers may perceive
AVs as “black boxes”, causing unnecessary interventions [2].
Hence, it remains a critical challenge how to enhance the
transparency of AVs’ decision-making process. In other words,
AVs should be able to explain the surrounding objects’ states
and identify the critical objects that may affect their driving
as needed for the drivers.

Early methods for key object identification in driving
scenarios primarily relied on convolutional neural networks
(CNN)-based [37] object detection, which treats all surround-
ing objects as independent entities and evaluates their im-
portance relative to the ego-vehicle [3]-[9]. While easy to
implement, this approach does not incorporate inter-object
relationships, limiting its effectiveness. To address this, some
studies introduced explicit relational modeling through hand-
crafted annotations that demonstrate interactions among ob-
jects [10]-[12]. While this improves identifying the key ob-
jects, it introduces challenges related to the cost of manual
annotations, the restricted variety of labeled relationships, and
potential inconsistencies between human-defined relationships
and machine-learned patterns. More recently, several works
were proposed to infer the object relationship, eliminating
the need for manual annotations. For example, by leveraging
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the self-attention mechanism, transformer-based models [38]
have been utilized to capture inter-object relationships and
automatically infer object interactions within the driving scene.
Similar approach has been shown to further enhance key
object identification performance by incorporating auxiliary
tasks relevant to ego-vehicle behavior prediction [14]. Building
upon transformer-based architectures, vision-language models
(VLMs) integrate both visual and textual information to en-
hance scene understanding [15], [16]. Although these models
can provide more detailed interpretations of driving scenes,
they remain limited in precisely localizing the key objects and
generating relevant explanations based on key objects.

In particular, the object-level self-attention in transformer-
based models is focused on capturing interactions between
all objects, but they are not designed to distinguish between
relevant and irrelevant interactions. As a result, the spurious
relationship between irrelevant objects may add additional
noise in driving scene understanding. In contrast, the interac-
tions between surrounding objects and the ego-vehicle should
be highlighted. To make the interaction more ego-vehicle-
centric, recent methods [13], [14] incorporate the state of the
ego-vehicle (e.g., velocity, planned direction and action) as
an additional element into the computation of self-attention.
Despite its emphasis on ego-vehicle-centric interaction, an im-
portant aspect of driving involves reacting to external changes,
rather than solely following a predefined ego-vehicle action
plan. For example, when a vehicle abruptly cuts in, the ego-
vehicle must react accordingly, regardless of its initial planned
maneuver. This highlights the need for models to dynamically
infer and adapt to the concurrent states of surrounding objects,
in addition to considering the state of the ego-vehicle (e.g.,
intended actions).

To address these challenges, we propose a two-stage frame-
work that enhances key object identification in autonomous
driving. In the first stage, the Object State Predictor infers the
states of surrounding objects based on their spatial-temporal
information with respect to the ego-vehicle. In the second
stage, the Key Object Identifier determines the most critical
object in the scene by leveraging the predicted object states
and their relevance to the ego-vehicle. One key innovation of
our framework is the incorporation of dynamic object states
that are relevant to the ego-vehicle rather than relying solely
on visual relationships between objects. We present a virtual
representation for the ego-vehicle to provide a consistent
spatial reference for estimating the object states. To further
enhance the accuracy of object state prediction, we employ
a modular design, where separate models are trained for
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different object categories instead of using a single unified
model. We observe from experiments that it improves accuracy
by allowing the model to specialize in distinct object types.
Through evaluations on our diverse driving scenario datasets,
we validate that our framework significantly improves key
object identification.

II. RELATED WORK
A. Methods for Key Object Identification

Traditional methods treat key object identification as a
straightforward object detection problem, where all detected
objects are considered independently [3]-[9]. More advanced
methods introduce relational modeling, incorporating object
interactions to improve key object identification [10]-[12].
Among recent advancements, transformer-based models have
demonstrated superior performance due to their ability to cap-
ture long-range dependencies and model relationships among
objects [13]-[16]. For instance, DRUformer [13] integrates
a self-attention mechanism to infer object importance based
on their interactions within the scene. Another approach
formulates object importance estimation as a binary clas-
sification problem, leveraging relational reasoning and self-
supervised learning to reduce reliance on manually annotated
relationships [14]. These methods enhance object importance
estimation without requiring explicit relationship annotations,
making them more scalable.

Inspired by these transformer-based architectures, our
method employs an LSTM-based encoder to capture temporal
dependencies in object states, followed by a transformer
module for key object identification. To explicitly incorporate
the ego-vehicle’s influence, we introduce a virtual ego-vehicle
representation, which provides a consistent spatial reference
for evaluating object importance. Unlike previous methods that
rely solely on inter-object relationships, our approach selects
the key object by considering the interactions between objects
and the ego-vehicle. Additionally, we introduce an object state
predictor that classifies object behaviors based on spatial and
visual cues to support the key object identification process.

B. Feature Representation for Object State Prediction

Recent studies on behavior prediction in driving scenarios
emphasize the importance of utilizing temporal-spatial and
visual features [17]-[20]. For instance, Huang et al. [18§]
predict pedestrian actions by extracting spatial features from
ego-vehicle camera observations and computing motion fea-
tures (velocity and trajectory) based on these spatial cues.
Similarly, Hayakawa and Dariush [20] estimate surrounding
vehicle states by deriving spatial features (2D bounding box
positions) using monocular object detection and computing
motion features (velocity and orientation) through depth esti-
mation and optical flow.

To collect such features, instead of relying on multiple sen-
sors, leveraging advanced computer vision techniques presents
a cost-effective alternative. One method is to directly use
the 3D object detection [21], [22], however, these methods
suffer from ground plane estimation errors which may lead to

depth prediction inaccuracies. An alternative approach com-
bines state-of-the-art 2D object detection [23]-[25] with depth
estimation models [26]-[28]. Additionally, we propose using
image occupancy area changes over time to infer depth by
tracking object size variations across frames, reducing reliance
on explicit 3D reconstruction.
III. METHODOLOGY

Our proposed method is designed to identify key objects
that can affect the ego-vehicle’s driving. As shown in Figure 1,
the framework consists of a preprocessing stage followed by
two learning stages. Prior to Stage 1, each video segment is
processed by YOLOvS [34] and DeepSORT [39] to detect
and track objects, producing object trajectories and cropped
object regions. In Stage 1, the Object State Predictor classifies
driving-relevant object states from spatial and visual features.
In Stage 2, the Key Object Identifier ranks object significance
using the predicted object states together with temporal change
features. The state predictor and identifier are trained sepa-
rately.

A. Object State Predictor

The Object State Predictor takes as input a sequence of
objects’ spatial and visual information over time and outputs
predictions of their states. Dynamic objects, such as pedestri-
ans and vehicles, are classified into states like cut-in, block,
and no impact, while static objects, including traffic lights and
stop signs, are categorized separately, with traffic lights labeled
as red, turning red, or no impact, and stop signs as impact or
no impact. Given the distinct characteristics of different object
types, we propose a modular model setup, where separate
models are trained for each type. We validate these choices
through feature ablations, including spatial-only, visual-only,
and their combination, as well as comparing the modular
models with the unified model. Details of this process are
provided in the Experiment Setup section.

To effectively capture object behaviors over time, we extract
features from a 2-second video segment by sampling frames
at intervals of 0.5 seconds [33], [36]. The extracted features
include spatial features and visual features.

The spatial features consist of an object’s 2D position in
the image frame and its estimated depth. For 2D position,
we propose using the relative position with respect to the
ego-vehicle. Since the ego-vehicle is not explicitly present
in the video frames, we assume its position at the bottom-
middle of the frame. This assumption allows for a consistent
interpretation of object behaviors that depend on their relation
to the ego-vehicle. We also experiment with the absolute
position as a comparison, which records object coordinates
directly within the frame.

The relative representation provides more reliable perfor-
mance. For estimating the depth, we explore two alternatives:

e We utilize a pre-trained depth estimation model

(Intel-ISL  MiDaS v3.1 model [26], with the
dpt_swin2_large_384 variant for an optimal
balance between accuracy and efficiency), which infers
depth from pixel values.
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Fig. 1: Two-stage model architecture: (1) Object State Predictor, which classifies object states based on spatial and visual
features, and (2) Key Object Identifier, which determines the most critical object affecting the ego-vehicle.

« We leverage the object size, which refers to the area the
object occupies within the image frame. The larger area
suggests proximity to the camera.

Consequently, the spatial feature of an object in a time

sequence is represented as follows:

Fspatial = {(mtayt)ydt} vt € [tlatn] (1)

where (x4,y;) represents either the absolute or relative posi-
tions in the image frame, d; is the estimated depth obtained
either through the pre-trained MiDaS model or inferred from
the object’s image coverage, and t corresponds to the sampled
timestamps extracted at 0.5-second intervals over a 2-second
duration (i.e, n=5). The visual features are extracted based on
the detected bounding box of the object, which defines the
corresponding region in the image. This region is processed
using a pre-trained MobileNetV2 [35] model to derive its
feature representation. The extracted representation is then
passed through a projection layer to reduce its dimensionality,
aligning it with that of the spatial features.

The final input to the model consists of concatenated relative
spatial and visual features, which are fed into a two-layer
LSTM-based network with 128 and 64 hidden units, respec-
tively, to capture temporal dependencies prior to classification.
The model is trained using the categorical cross-entropy loss
to optimize multi-class predictions.

B. Key Object Identifier

The Key Object Identifier plays a crucial role in determining
which objects in a video frame should be considered most
relevant to the ego-vehicle’s decision-making. This module is
based on the output of the Object State Predictor. For each
detected object o; within a video segment, we extract several
key features: the object’s predicted state S;, its object type

C;, and its change in position along = and y dimensions, and
change in depth over a 2-second period. These features are
combined into a comprehensive feature vector F; for each
object:

F; =[5, Cs, Az;, Ay;, Ad] 2

where Awx;, Ay;, Ad; represent the change in position and
depth over the temporal window. These feature vectors are
processed by a two-layer transformer encoder, where self-
attention captures pairwise relations among the object-level
feature vectors within the scene. The resulting representations
are then passed through a fully connected scoring layer to
generate an importance score for each object. The object
with the highest score is identified as the most relevant
object influencing the ego-vehicle’s decision. To optimize the
importance ranking, we apply a binary cross-entropy (BCE)
loss:

L = BinaryCrossEntropy (Zpred; 2GT) 3)

where z,eq is the predicted significance score of the object and
zgr 1s the ground truth label indicating whether the object is
the most important in the scene.

IV. EXPERIMENT SETUP

Our experimental objective is twofold: (i) to select the most
effective Object State Predictor and (ii) to train the Key Object
Identifier based on the chosen predictor. To determine the
optimal predictor, we explore two design dimensions: feature
fusion and training regime. For feature fusion, we evaluate the
following input variants: visual-only, spatial (absolute position
+ estimated depth), spatial (relative position + estimated
depth), spatial (absolute position + object size), spatial (rela-
tive position + object size), visual + spatial (absolute position
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+ estimated depth), visual + spatial (relative position +
estimated depth), visual + spatial (absolute position + object
size), visual + spatial (relative position + object size), and
visual + spatial (absolute). For the training regime, we develop
modular (category-specific) models and an all-in-one baseline.
All variants adhere to the same protocol, including identical
data splits, optimizer/schedule, and hyperparameters; only the
input representation and modularization differ. We compare
state-prediction accuracy and F1 scores across variants and
regimes on the validation set to identify the best-performing
configuration. Unless otherwise specified, the Key Object
Identifier is subsequently trained on the outputs of the selected
predictor using a fixed methodology, and its downstream key-
object accuracy is reported separately.

A. Experiment Dataset

Our experiment dataset consists of 1,500 videos with
human-annotated key objects, selected from BDD100K [29],
Argoverse 2 [31], and Rank2Tell [30] for further processing.
We selected clips to cover driving-relevant object categories
while preserving diversity across traffic conditions and view-
points. In this study, the key object is defined as the single
object in a 2-second segment that most directly explains the
ego-vehicle’s immediate driving response under the visible
scene context. Each key object is annotated with bounding
boxes, from which we derive absolute position (center of the
bounding box), relative position (offset from the ego-vehicle’s
assumed bottom-center position), and size (bounding box
area). These features are normalized using MinMax scaling
while preserving directional information. To ensure a balanced
dataset, we introduce negative samples by identifying non-
key objects. Specifically, all tracked objects other than the
annotated key object can be treated as non-key candidates.
We utilize YOLOVS [34] in conjunction with DeepSORT [39]
to detect and track objects, employing an Intersection-over-
Union (IoU) threshold of 0.3 solely as a spatial matching
criterion to exclude overlapping bounding boxes and to sample
non-key contextual objects surrounding the key object. The
sampled non-key objects are assigned a state of no impact.
The final dataset consists of 9,685 traffic light samples (3,228
with no impact), 1,160 stop signs (580 with no impact), 1,565
pedestrians (522 with no impact), and 4,936 vehicles (1,645
with no impact).

B. Training Procedure

1) Object State Predictor Training: The Object State Pre-
dictor is trained to classify object states over time. All
feature variants listed above share identical data splits and
optimization; only the input representation differs, as defined
in the Methodology section. The training process involves
tuning a sequential model using a combination of spatial
and visual information to predict the correct state for each
object category. Given the distinct behavioral characteristics
of different object types, separate models are trained for each
category, ensuring optimized learning for each.

To optimize model performance, we use the Adam optimizer
with a learning rate of 1 x 10~* and a batch size of 32. The
model undergoes training for 100 epochs with early stopping
applied, monitoring validation loss with a patience of 10
epochs to prevent overfitting. For hyperparameter tuning, we
employ a Random Search strategy with a maximum of 20
trials, where each trial is executed twice. The best-performing
model is selected based on validation accuracy.

The loss function used for training is categorical cross-
entropy, given that the task involves multi-class classification
of object states. The training objective is to minimize the
difference between the predicted state labels and the ground
truth annotations, ensuring accurate recognition of dynamic
behaviors and static states within driving scenarios.

2) Key Object Identifier Training: The Key Object Identifier
is trained to determine the most significant object within a
scene that influences the ego-vehicle’s driving decision. Unless
specified otherwise, the identifier is trained using the optimal
configuration of the Object State Predictor. The model takes
as inputs the feature representations, which are the predicted
states from the Object State Predictor, of all detected objects
and assigns significance scores to facilitate the identification
of the most relevant object.

To establish the relationship between object significance and
the ego-vehicle’s response, the model is trained to predict
the key object using attention-based weighting mechanisms.
The training process follows a similar optimization strategy
as the Object State Predictor, using the Adam optimizer with
a learning rate of 1 x 10~* and a batch size of 16. The training
is performed for 100 epochs with early stopping monitoring
validation loss to enhance generalization.

The objective function consists of a binary cross-entropy
loss, where the model learns to distinguish between key and
non-key objects based on their contextual relevance to the
driving decision. The training process ensures that the model
prioritizes critical elements in the scene, allowing the system to
effectively recognize and highlight the most important object
influencing the ego-vehicle’s behavior.

3) Evaluation Metrics: We evaluate the performance of our
models using standard classification metrics, specifically Ac-
curacy and Fl-score. For the Object State Predictor, accuracy
measures the proportion of correctly classified object states
among all predictions, while the Fl-score accounts for both
precision and recall, ensuring robustness to class imbalances.
For the Key Object Identifier, accuracy is used to evaluate the
proportion of cases where the highest-scoring object matches
the ground truth key object. With object detection, tracking,
and depth estimation precomputed, the state predictor and key-
object identifier run on per-object features at <0.10 ms/frame.

V. RESULTS
A. Key Object Identifier Performance

As the primary component in our framework, the Key Object
Identifier is evaluated based on its ability to correctly identify
the most significant object in a given driving We compare
our model’s performance against two existing approaches: (1)
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the explainable object-induced model [32], a recent CNN-
based approach which prioritizes object relevance in scene
interpretation, and (2) DRUformer [13], one of the latest
transformer-based approaches designed to enhance key object
identification. For the CNN-based model, we fine-tuned it
on our dataset using the last frame of each video as input,
modifying its output to treat key object identification as the
main task while retaining object explanation and ego-vehicle
action prediction as auxiliary tasks. For DRUformer, since it
was originally trained on the DRAMA dataset, which differs
from our dataset in terms of frame sampling rate, input
sequence length, and scene duration, we adjusted its input
preprocessing pipeline accordingly and retrained it.

Table I presents the performance comparison. Our proposed
method outperforms both baselines upon the support of the
best-performing Object State Predictor, demonstrating its abil-
ity to more accurately identify key objects across different
categories. The results show that stop signs achieve the highest
accuracy due to their static nature and consistent positioning,
whereas dynamic objects like cars and pedestrians pose greater
challenges due to variations in movement and interactions.

TABLE I: Key Object Identifier accuracy by key-object cate-
gory.

Object Ours Object-induced Model DRUformer
Car 0.78+.02 0.62+.01 0.69+.02
Person 0.76+.02 0.65+.02 0.71+.01
Traffic Light  0.71+.01 0.59+.01 0.63+.01
Stop Sign 0.94+.01 0.71+.02 0.82+.01

B. Object State Predictor Performance

Since the Key Object Identifier depends on the Object
State Predictor, we evaluate a comprehensive set of feature
variants to identify the most effective predictor as introduced
in Experiment Setup section. These model variants follow a
modular structure where separate networks are trained for
different object categories, allowing optimal adaptation to
category-specific patterns.

Table II presents the results for the modular models. The
highest accuracy and F1 score for each feature combination
are highlighted in bold. The results indicate that using rel-
ative position representation generally outperforms absolute
position in most cases, particularly for traffic lights and stop
signs. Additionally, object size-based depth estimation proves
to be more reliable for static objects, while pre-trained depth
estimation is more effective for dynamic objects.

We also evaluate the performance of an all-in-one model,
where a single network handles all object categories. Sim-
ilar to the modular approach, we experiment with different
feature combinations. Table III presents the best-performing
configuration for the all-in-one model. While this configuration
achieves competitive results, it still underperforms compared
to the best modular models, particularly for objects with
distinct behavior patterns such as pedestrians and cars.

TABLE II: Modular Object State Predictor performance across
feature combinations (Accuracy|F1, mean+tstd). Abbrev.:
vis=visual, sp=spatial, abs=absolute position, rel=relative po-
sition, dep=estimated depth (MiDaS), size=object-size depth

Proxy.

Pred. Type Feat. Comb. Perf. (Accuracy|F1)
vis-only 0.544.03]0.50+.03
sp(abs+dep) 0.584.03]0.53+.03
sp(rel+dep) 0.664.02|0.62+.02
sp(abs+size) 0.784.02|0.75+.02

. sp(rel+size) 0.814.02|0.76+.02

Pedestrian vis+sp(abs-+dep) 0.60+.03[0.55+.03
vis+sp(rel+dep) 0.684.02|0.64+.02
vis+sp(abs+size) 0.804.02|0.77+.02
vis+sp(rel+size) 0.83+.01 | 0.78+.02
vis+sp(abs) 0.794.02|0.76+.02
vis-only 0.58+.03]0.56+.03
sp(abs+dep) 0.604.03]0.58+.03
sp(rel+dep) 0.634.02|0.61+.02
sp(abs+size) 0.734.02|0.724+.02

Car sp(rel+size) 0.744.02|0.73+.02
vis+sp(abs+dep) 0.624.03|0.60+.03
vis+sp(rel+dep) 0.654.02|0.63+.02
vis+sp(abs+size) 0.754.02|0.74+.02
vis+sp(rel+size) 0.77+.02 | 0.76+.02
vis+sp(abs) 0.744.02|0.73+.02
vis-only 0.88+.01|0.85+.01
sp(abs+dep) 0.784.02|0.73+.02
sp(rel+dep) 0.834.02|0.79+.02
sp(abs+size) 0.90+.01|0.87+.01

. sp(rel+size) 0.904.01]0.86+.01

Traffic Light vis+sp(abs+dep) O.80i.02l0.75i.02
vis+sp(rel+dep) 0.854.01|0.81+.02
vis+sp(abs+size) 0.92+.01 | 0.89+.01
vis+sp(rel+size) 0.92+4.01|0.88+.01
vis+sp(abs) 0.90+.01|0.86+.01
vis-only 0.97+.01/0.95+.01
sp(abs+dep) 0.84+.02/0.82+.02
sp(rel+dep) 0.90+.01]0.88+.01
sp(abs+size) 0.97+.01/0.95+.01

. sp(rel+size) 0.97+.01/0.95+.01

Stop Sign vis+sp(abs-+dep) 0.85i.02{0.83i.02
vis+sp(rel+dep) 0.91+.01]/0.89+.01
vis+sp(abs+size) 0.98+.00 | 0.96+.01
vis+sp(rel+size) 0.98+.01/0.96+.01
vis+sp(abs) 0.97+.01/0.95+.01

TABLE III: All-in-one vs. modular-best performance by

object category. Best modular configurations: Ped/Car

vis+sp(rel+size); TL/ISS = vis+sp(abs+size) (see Table 1I for

abbreviations).

Object Type All-in-one (ACC|F1) Modular-best (ACC|F1)
Car 0.64+.02/0.62+.02 0.77+.02/0.76+.02
Pedestrian 0.71+.01/0.67+.02 0.83+.01/0.78+.02
Traffic Light 0.78+.01/0.74+.01 0.92+4.01|0.89+.01
Stop Sign 0.85+.01]/0.80+.01 0.98+.00/0.96+.01
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Fig. 3: Representative failure cases. Left: Traffic congestion. Middle: Spatial inconsistency across camera viewpoints. Right:
Multiple potential key objects. Green boxes mark ground-truth key objects; red boxes show model predictions.

C. Visualized Improvements & Limitations

Figure 2 provides several case studies, complementing the
quantitative results, in how the fusion of spatial cues with
visual appearance enhances key-object identification in both
dynamic and static scenes, using the optimal model for
each condition. In dynamic scenarios (top row), the Visual-
only approach incorrectly selects a traffic light, whereas the
Visual+Spatial approach accurately identifies the crossing
pedestrian. Similarly, Spatial-only focuses on the stopped
car ahead, while Visual+Spatial selects the crossing police
vehicle. Although our dataset does not explicitly differentiate
between emergency and regular vehicles, appearance cues help
clarify relevance when combined with spatial context. In static
scenarios (bottom row), Visual-only highlights a signal from
an adjacent approach, but adding spatial cues shifts attention
to the lane-consistent light. Conversely, Spatial-only misinter-
prets a green light as the key object, whereas Visual+Spatial
correctly prioritizes the pedestrian.

However, challenges persist for some scenes (Fig. 3). In
traffic congestion, the model may label nearby but non-
influential items as key objects when multiple movers compete
for attention. Under spatial inconsistency caused by varying
camera placements, static objects, such as traffic lights from
adjacent approaches, are occasionally attributed to the ego
lane, resulting in lane-mismatched selections. In scenes with

multiple potential key objects, discerning the truly causal
one requires more advanced reasoning. For example, when
a lead vehicle stops while leaving a buffer before the stop
line, selecting the red signal (prediction) is suboptimal—the
stopped vehicle (ground truth) is more informative because its
behavior implies an occluded, unexpected event ahead.

VI. DISCUSSION

By leveraging the most effective Object State Predictor, Key
Object Identifier achieves strong performance in determining
the most significant object in a scene. Our approach surpasses
both the CNN-based model adapted from the explainable
object induced model [10] and the transformer-based model
adapted from DRUformer [11], demonstrating that explicitly
modeling object states and their spatial relationships with the
ego-vehicle improves key object detection.

In addition, by comparing feature representations and model
architectures (Tables II and III), the modular Object State
Predictor—trained per category—consistently surpasses the
all-in-one model across all classes: Pedestrian (+0.12 Accu-
racy / +0.11 F1; 0.83/0.78 vs. 0.71/0.67), Car (+0.13/+0.14;
0.77/0.76 vs. 0.64/0.62), Traffic Light (+0.14/+0.15; 0.92/0.89
vs. 0.78/0.74), and Stop Sign (+0.13/40.16; 0.98/0.96 vs.
0.85/0.80). Experiments over different variants show that (1)
for dynamic classes (Pedestrian, Car), relative position outper-
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forms absolute and the object-size depth proxy beats estimated
depth in spatial-only settings; fusing visual with the best
spatial features yields small but consistent gains (e.g., Pedes-
trian: 0.83/0.78 vs. 0.81/0.76, +0.02/+0.02; Car: 0.77/0.76 vs.
0.74/0.73, +0.03/+0.03). (2) For static classes (Traffic Light,
Stop Sign), spatial features with size dominate depth-based
ones (e.g., Traffic Light: 0.90-0.92 with size vs. 0.78-0.85
with depth; Stop Sign: 0.97-0.98 vs. 0.85-0.91), and adding
visual features provides only modest improvements (Traffic
Light: +0.02 Accuracy/+0.02 F1; Stop Sign: +0.01/4+0.01).
Finally, the Key Object Identifier, trained on the best state
predictor, attains the highest accuracy among baselines for all
key-object categories (Table I), with gains over DRUformer of
+0.09 (Car), +0.05 (Person), +0.08 (Traffic Light), and +0.12
(Stop Sign).

These quantitative findings are reflected in the qualitative
examples shown in Figure 2. In dynamic scenes, the Visual-
only approach is easily distracted by salient but behaviorally
irrelevant cues, such as selecting a red light, while the
Spatial-only approach often prioritizes the nearest object, like
a stopped lead car. Combining these approaches highlights
the truly causal agents, such as a crossing pedestrian or a
police vehicle, which aligns with the improvements reported
for Pedestrian and Car. In static scenes, spatial cues align
predictions with the ego lane and distance, helping to disam-
biguate multiple signals. Meanwhile, visual evidence prevents
the misinterpretation of a green light as an actual hazard,
such as a nearby pedestrian. These examples collectively
illustrate the complementary roles of spatial geometry and
visual appearance.

Despite the strong performance demonstrated by both
quantitative and qualitative results, certain limitations persist
(Fig. 3). Firstly, in high-density scenes, such as heavy traffic or
crowded crossings, the model may over-select nearby but non-
influential agents, thereby reducing key-object precision. This
issue is probably caused by the short temporal window of 2
seconds at 0.5-second sampling, which inadequately represents
intent, and the reliance on proximity-biased signals without
explicit interaction reasoning. A focused remedy involves ex-
tending the temporal context and applying temporal attention
over 4 to 6 seconds to ensure that intent and interaction cues
suppress near-but-non-causal agents. Secondly, cross-dataset
camera variations introduce spatial inconsistency, occasionally
misassigning signals from adjacent approaches to the ego lane.
This is largely due to viewpoint differences that misalign the
virtual ego reference at bottom-center and monocular depth
scale drift across cameras. A practical solution is camera-
aware spatial normalization via homography/IPM to a lane-
anchored bird’s-eye view, which stabilizes geometry across
viewpoints. Thirdly, when multiple plausible key objects coex-
ist, selecting the truly causal one necessitates deeper reasoning.
For example, a lead vehicle stopping before the line may
indicate a hidden hazard and be more critical than the red light
itself. The likely gaps include the absence of an explicit causal
objective and reliance on instantaneous salience. An effective
remedy may be further incorporating a causal reasoning head

trained with temporal supervision to rank objects by inferred
influence on the ego vehicle action.

VII. FUTURE WORK

Future work will address the three limitations identified
above. For high-density scenes, we will extend the temporal
window (e.g., 4-6 seconds) and incorporate temporal attention
and lightweight interaction reasoning to down-weight near-
but-non-causal agents. Additionally, we will implement hard-
negative mining for crowded scenarios. To mitigate spa-
tial inconsistency across cameras, we plan to use camera-
aware spatial normalization, lane/topology priors, and scale-
consistent depth, with optional sensor fusion when available.
To better resolve cases with multiple plausible key objects, we
will introduce a causal reasoning head trained with temporal
supervision to rank objects by their influence on the ego action
and report the top-k candidates with brief rationales. Beyond
modeling, we will expand the detection taxonomy (e.g., con-
struction signs, emergent vehicles, cyclists) and curate failure-
focused data to improve robustness.

VIII. CONCLUSION

We propose a framework to enhance key object identi-
fication by understanding the states of surrounding objects
with respect to the ego-vehicle. By introducing a virtual ego-
vehicle representation, our model ensures a consistent spatial
reference for improved object state estimation. A modular
object state predictor further enhances classification accuracy,
while spatial-temporal analysis prioritizes objects based on
dynamic interactions rather than solely visual cues. Experi-
ments show our framework outperforms baselines in identi-
fying critical objects and improving scenario understanding.
However, challenges remain in handling dense traffic and rare
driving scenarios. Future work will focus on expanding dataset
diversity and improving model generalization.
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