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Abstract. In the automotive field, accurate detection and classification of driving
scenarios is a key element for safety and efficiency for advanced driving systems.
High-level pre-processing is an effective method for accelerating the learning
process of neural models by extracting the most informative features from frames
while eliminating outliers, noise, and irrelevant data. This research investigates
and compares two high-level preprocessing approaches, detection-based and mo-
tion-based, in the context of driving scenario video-clip classification. Detection-
based preprocessing (DbPP) detect high-level features, such as vehicle bounding
boxes and road lane segmentation, to highlight key spatial information. Motion-
based preprocessing (MbPP), on the other hand, uses Optical Flow to capture
temporal information among frames. While both approaches demonstrate satis-
factory performance, our experiments indicate that DbPP generally offers better
results and reliability, with an accuracy of 88% compared to MbPP's 83%. Addi-
tionally, DbPP demonstrates faster computation times, making it more suitable
for real-time applications, while it requires more memory than MbPP. This study
also highlights the significance of effective preprocessing in enhancing the accu-
racy and efficiency of driving scenario detection.

Keywords: Preprocessing, detection-based preprocessing, motion-based pre-
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1 Introduction

Implementing reliable Automated Driving Functions (ADF) requires that all possible
conditions are covered in the targeted Operational Design Domain (ODD). This can be
done by evaluating ADFs operation in a set of driving scenarios. Driving scenarios aim
to abstract the behaviour of objects (e.g. vehicles) and other road actors in different
driving situations, describing the driving context and the occurring events.
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In the context of scenario detection, end-to-end machine learning (ML) approaches
are becoming ever more relevant due to their ability to efficiently process and analyze
large amounts of data (e.g., [1, 2]). High-level preprocessing (HLP) is particularly use-
ful in this regard for several reasons. First, it enhances data quality by cleaning, organ-
izing, and highlighting the most informative features, allowing the detector to better
focus on critical aspects of the scenario and improve generalization [3]. Second, HLP
enables a modular and flexible approach to system design, integrating specialized tech-
niques tailored to specific data aspects, such as spatial detection [4] and motion estima-
tion [5]. Considering the black-box nature of neural networks (NNs), modular HLP is
also expected to facilitate explainability [6] and verification [7].

This paper aims to provide novel insights into driving scenario detection by compar-
ing two HLP techniques. These techniques transform and encode raw data so to im-
prove the detector performance. Particularly, the objective of the investigated HLP al-
gorithms is to remove from the detector’s input any irrelevant information, such as the
background, and highlight the most informative features.

The first technique — we refer to it as Detection-Based preprocessing (DbPP) - is
based on detecting in each frame all the driving scenario-relevant objects (i.e., vehicles’
bounding box and road’s semantic segmentation) [4, 8]. The second one — we refer to
it as motion-based preprocessing (MbPP) - relies on Optical Flow (OF) motion estima-
tion to capture temporal relationships across frames, predicting pixel-level motion [5].

The experiments were conducted using a synthetic dataset generated with the CarLA
simulator [9]. For scenario detection, we employ the Residual 3D convolutional NN
(R3D) network that we have developed for the Hi-Drive industrial collaborative re-
search project [10]. The comparison concerns a performance analysis in terms of ML
metrics, memory usage, and inference time. This paper provided a detailed comparison
of the trade-offs between accuracy and computational complexity for the two prepro-
cessing techniques, offering useful considerations for their potential application in real-
world systems.

2 Background and Related Work

A variety of approaches and neural network (NN) architectures have been recently pro-
posed to improve detection and segmentation tasks in the specific Automated Driving
Systems (ADS) domain. These include YOLOP [11], YOLOPv2 [4], and HybridNet
[12]. Particularly, YOLOPV2 has achieved state-of-the-art results on the BDD100K da-
taset [13] and has been used in several DbPP studies (e.g., [3], [14] and [15]). This NN
demonstrates exceptional capabilities in vehicles detection and drivable areas and lane
lines segmentation, with high accuracy and real-time performance. Its architecture in-
cludes a robust backbone for feature extraction and specific decoder heads for each
task, thereby enhancing its utility for ADS by focusing on Regions of Interest (Rol) in
images.

However, the identification of moving objects also plays a key role in ensuring the
safety of vehicle maneuvering. This task is a crucial undertaking to understand the dy-
namic elements that characterize driving scenarios and this can be done through the use



of OF, which represents pixel motion between frames. Recurrent All-Pairs Field Trans-
forms (RAFT) [5] represents a modern and efficient NN for dense OF estimation from
the raw image. RAFT's architecture includes a feature encoder, a correlation layer to
compute visual similarity between pixels, and a recurrent GRU-based update operator
for refining OF estimates. Trained on the KITTI [16] dataset, RAFT achieves high ac-
curacy and generalization, making it suitable for our purpose.

3 Experimental Setup

3.1 Dataset

Although many datasets have been developed for ADS, to the best of our knowledge,
there is only one public dataset for driving scenario classification: the Prevention da-
taset [17]. However, this dataset only contains lane change labels for all vehicles in the
scene without any context. Real-world datasets are fundamental for training models,
but their creation is both costly and time-consuming, and recording certain scenario
conditions can be very dangerous. To address this issue, we created a synthetic dataset,
exploiting the CarLA simulator [9] and the architecture presented in [18]. This synthetic
dataset consists of nearly 4K simulated video clips for each scenario class, covering the
six main highway driving scenarios (cfr. Table 1 and Fig. 1). The video clips feature
different weather and lighting conditions, four traffic densities (none, low, medium, and
high based on ego speed), and 21 different car models with various colors. To increase
action variability and realism, action parameters are derived from over 1M km of real-
world driving data from the ADScene dataset [19]. The synthetic dataset used in the
experiments contains 1-second overlapping time windows consisting of 3 RGB frames
with a 0.1-second step between each time window. The training dataset comprises 1.2M
time windows, while the validation and testing datasets each consist of 70K time win-
dows.

Table 1 Synthetic dataset’s driving scenario classes

Driving Scenario Description

Brake (BRA) The leading vehicle brakes

Cutin (CIN) A vehicle moves in front the ego from an adjacent lane

Cut out (COUT) The leading vehicle moves out of the ego lane into an adjacent lane

Follow lead vehicle (FOL) The ego vehicle follows the leading vehicle
Free ride (FR) The ego vehicle drives without any near vehicle ahead
Ego lane change (LC) The ego vehicle executes a lane change




Fig. 1 Snapshots from each driving scenario class.

3.2 Approaches

In this study, the R3D (see Fig. 2) presented in [1] but with double the layers, is used
to detect driving scenarios and thus compare and assess the impact of DbPP and MbPP.
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Fig. 2 Architecture of the R3D network.

Fig. 3 illustrates two frames processed using the two different HLP techniques: DbPP
(Fig. 3B) and MbPP (Fig. 3C). While the MbPP is implemented directly using the
output data provided by RAFT, DbPP requires some additional steps. The YOLOPv2
allows extracting the semantic segmentation of the drivable area, the lane lines, and the
bounding boxes of the vehicles in the image. Using this data, we create a new RGB
frame that contains the information of the vehicle inside the Blue channel, while the
Green one holds the lane lines, and the Red contains the drivable area. Therefore, the
DbPP allows to feed the detector with useful information.



(A) Raw (B) DBpre (C) MBpre

Fig. 3 Two example frames: (A) Raw image, (B) DbPP, and (C) MbPP.

4 Experiments

The experiments were conducted on a machine equipped with an NVIDIA RTX A4000
GPU with 16 GB of VRAM.

To compare DbPP and MbPP, we first examined the computational details of the
DbPP and MbPP algorithms, including model size, number of parameters, and latency
time (see Table 2). Latency is computed by averaging the processing of 1,000 different
frames. Table 2 shows that the model used in MbPP is significantly smaller in terms of
the number of parameters and model size compared to the DbPP one. Despite this, the
DbPP is 5 times faster in inference time compared to the MbPP approach. These results
show that while DbPP achieves faster inference times making it a more suitable option
for real-time applications, however, the MbPP is lighter in terms of computational load.

Table 2 MbPP and DbPP models computational details

HLP Model Model size (MB) # Parameters Latency (ms)
MbPP RAFT 20.06 5M 50
DbPP YOLOPv2 74.30 39M 11 (3 Detection + 8 Frame generation)

Table 3 presents a comparison of the machine learning performance metrics of the R3D
model trained using DbPP and MbPP. While both approaches demonstrate satisfactory
performance, the model trained with the DbPP input exhibits superior outcomes across
all metrics. The lower performance of MbPP can be attributed to its reliance on the
movement recorded by the camera. Particularly, we highlight the challenge of detecting
movements, especially in very slow scenarios or distant objects (whose motion appears
even slower due to perspective). DbPP, on the other hand, solely captures spatial infor-
mation, thus is not affected by these limitations.



Table 3 Performance metrics achieved by R3D using DbPP and MbPP

HLP Accuracy (%) Precision (%) Recall (%)  F1-Score (%)
MbPP 83.2 85.0 83.2 84.0
DbPP 88.3 90.1 88.3 88.6

The confusion matrices in Fig. 4 show the performance of the R3D model using DbPP
(Fig. 4B) and MbPP (Fig. 4A). The BRA class is challenging for both the models due
to its similarity with FOL, while DbPP’s model confuses BRA more with FOL, the
MbPP’s model does the opposite. The FOL class in some cases conflicts with CIN and
COUT, since their initial and final phase are similar to FOL. Regarding the FR and LC
classes, both the techniques allow reaching and surpassing the 90% value. Overall, re-
sults in Fig. 4 clearly hint at a better robustness on the DbPP’s part.

(A) Testing the R3D using MBpre (B) Testing the R3D using DBpre
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Fig. 4 Confusion matrices obtained testing the R3D using DbPP (A) and MbPP (B).

5 Conclusion and future work

In this study, two versions of the same R3D network were trained using detection-based
and motion-based preprocessing to filter out irrelevant information from the inputs. The
NNSs were trained using a synthetic dataset featuring five main types of highways driv-
ing scenarios. DbPP outperforms MbPP in terms of accuracy (88% vs. 83%), and exe-
cutes nearly five times faster than MbPP, with an average execution time of about 11
ms. Per frame, which is suitable for real-time performance. On the other hand, DbPP
has a memory footprint almost four times larger than MbPP (74 MB vs 20 MB).

This research offers useful insights for improving system architectures for driving
scenario detection. Further research could investigate other HLP methods, the impact
on accuracy and computation time trade-offs of fusing or merging preprocessing



techniques, on the utilization of other NN architectures and explore specific hardware
requirements or electronics applications to enhance practical deployment.
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