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Abstract— Classifying intentions of other traffic agents is an
essential task for intelligent transportation systems. To simplify
this task, vehicles are equipped with various illumination
systems, including turn indicators, emergency lights, rear lights,
and brake lights. We extend the Waymo open perception dataset
with ground truth annotations for different visual intentions to
develop methods designed to classify the state of such systems.
Furthermore, we propose the VISUAL INTENTION FORMER,
a two-step transformer-based architecture to classify visual
intentions in image sequences of tracked traffic participants.
We use a vision transformer to extract image features, which
are passed into a transformer encoder that reasons about tem-
poral dependencies among them. We evaluate against different
baseline architectures where our proposed method achieves
state-of-the-art results. Additionally, we conduct an in-depth
performance analysis of our method regarding different input
sequence lengths, vehicle headings, and daytime conditions.

I. INTRODUCTION

For safe driving, an intelligent transportation system (ITS)
must perceive its environment, predict the actions of other
traffic agents, and plan its own actions accordingly. Humans
heavily depend on visual cues to perceive and predict the
behavior of other traffic participants. These cues come from
diverse illumination systems, such as headlights, daytime
running lights, turn indicators, rear lights, brake lights,
parking lights, and emergency lights. For example, an active
turn indicator signals to surrounding traffic participants the
intention to change lanes. We refer to such information as
visual intentions.

Most, state-of-the-art prediction algorithms operate
through a two-stage process. Initially, a perception system
detects and tracks traffic agents. Subsequently, each tracked
agent is passed with its relevant features to a prediction
algorithm. The majority of prediction methods require both
an environmental description and the current [1] or past
[2], [3] physical attributes (such as location and velocity)
of other traffic agents. A comprehensive examination of
motion prediction methods is available in [4].

Only a small number of prediction methods incorporate
visual features. For instance, [5] employs the front camera
image as an input in addition to other features. Unfortunately,
this trend is also shown in recent datasets. None of the large
scale motion prediction datasets such as the Waymo Open
Dataset (motion subset) [6], the Lyft level 5 dataset [7], or the
Argoverse 2 dataset (prediction subset) [8], contain camera
sensor data.
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Fig. 1: Visualization of diverse vehicles, conditions, and
illumination setups. (a) A car braking while simultaneously
indicating a right turn. The brake, rear, and turn indicators
share the same light source. (b) A truck with its rear
lights on in the initial two frames. In the third and fourth
frames, the truck applies the brakes, resulting in a more
intense light. (c) The black vehicle with active brake lights
significantly occludes the tracked silver truck. (d) Adverse
weather conditions. (e) External active emergency lights on
top of the vehicle. (f) A vehicle front facing the ego vehicle.
The turn indicator on the right hand side is active, indicating
a left hand turn.

While not all visual intentions hold equal significance for
prediction, we hypothesize that incorporating visual inten-
tions based on turn indicators, emergency lights, and brake
lights could enhance the accuracy and confidence of motion
prediction algorithms. Hence, as a first step towards validat-
ing this assumption, we extend the perception subset of the
Waymo Open Dataset with precise ground truth annotations
for such visual intentions. Furthermore, leveraging these
annotations, we propose, train, and evaluate a transformer-
based technique to classify these visual intentions.
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Our main contributions are summarized as follows:

« We extend the Waymo Open Dataset (perception sub-
set) with ground truth annotations regarding the visual
intention of vehicles.

o We propose a transformer-based deep learning architec-
ture to classify the visual intention of a vehicle.

o In our evaluations, we demonstrate state-of-the-art per-
formance compared to different baseline methods across
multiple metrics.

II. RELATED WORK

There is little public research available on the classification
of visual intentions. However, there are manufacturers that
offer products capable of such tasks.

In [9], a dataset and a method are presented for classifying
the state of a vehicle’s brake lights, and the left and right turn
indicator. The dataset contains 91,068 frames in different
road and daytime conditions. However, the dataset solely
offers annotations for the rear of vehicles, omitting anno-
tations for vehicles approaching from the opposite direction.
Their approach operates by extracting two key features from
each frame: a brightness feature on a scale of 0 to 255 and
an action feature (none, brakes on, brakes off, left, right).
Using these features, a probabilistic graph model infers the
continuous illumination state of the vehicle.

In [10], a dataset and a convolutional LSTM-based method
are presented for the classification of the turn, and emer-
gency lights. Their dataset is extensive, containing 1,257,591
frames captured under diverse conditions. Moreover, the
dataset includes annotations for both front and rear facing
vehicles. However, the dataset has not been made publicly
available.

Furthermore [11] addresses the task of recognizing turn
signals of other vehicles in an European highway scenario.
Their approach involves light spot detection, followed by an
FFT-based feature extraction, and ultimately an AdaBoost
classification using the obtained features.

Unfortunately, none of these publications provides code.

III. DATASET
A. Overview

The Waymo Open Dataset is structured into 20 seconds
long sequences. Each sequence contains annotations for
traffic participants and sensor data from various modalities,
including LiDAR and camera. The dataset contains annota-
tions for 798 training and 202 validation sequences.

We extend the ground truth annotations for the front-facing
camera with the intended turn direction, and the state of the
rear, break, and emergency lights. The annotation of small
vehicles is challenging on its own. Determining if a visual
intention is present in a small image can be uncertain and
could lead to inaccuracies in the ground truth. In order to
prioritize annotation accuracy, we choose to favor annotation
quality and exclude objects with an area smaller than 1000
pixels.

The dataset includes a variety of different conditions as it
was captured across multiple cities, various times of day,
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Fig. 2: Histograms showing a) the area of the projected 2d
bounding boxes and b) the occlusion parameter.

and diverse weather scenarios. Although regulations exist
for turn indicators to have a frequency between 1 Hz and 2
Hz [12], they are not always followed. Additionally, modern
cars may have exotic turn indicators, such as LED strips
indicating the turn direction. Moreover, regulations are not
worldwide. While in the US red and yellow colored turn
indicators are allowed, the EU enforces turn indicators to
be yellow. Hence, as vehicle illumination setups are not
uniform, classifying their visual intentions extends beyond
challenging environmental conditions to understanding the
shape, color, and characteristics of the diverse illumination
systems. This results in the need of a diverse large scale
dataset. Fig. 1 illustrates examples extracted from the Waymo
Open Dataset, showcasing a variety of vehicles, weather
conditions, times of day, and illumination setups.

B. Annotations

180°

Fig. 3: The distribution of vehicle headings on a logarithmic
scale.

To be leveraged for prediction tasks, the turn intention
annotations are established from the perspective of the an-
notated vehicle. If a vehicle shares the same heading as the
ego vehicle and its right turn indicators are active, a right
turn intention is annotated. Conversely, if a vehicle is front-
facing the ego vehicle and its right turn indicators are active,
a left turn intention is annotated. This results in the need that
methods for turn intention classification require to understand
the heading of a vehicle. Fig. 3 shows the distribution of the
vehicle heading within the dataset.

The brake and rear lights are typically colored red and can
exist as either separate light sources or share the same source.
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Fig. 4: Visualization of the VISUAL INTENTION FORMER architecture. The detection and tracking of other traffic participants
is assumed to be given. Initially in the image feature extraction stage, an image feature vector for each image within a
vehicle track is extracted by a vision transformer. Subsequently, these feature embeddings are passed into the sequence
encoding stage. In this, a transformer reasons about temporal dependencies among the image feature tokens and encodes
information about the sequence in a [CLS] token. Finally, different classification heads predict the visual intentions using

the [CLS] token.

In both configurations, the brake light emits a higher intensity
compared to the rear light (Fig. 1, b). To distinguish between
the brake light and rear light, both classes are annotated.

The classification of emergency lights is a hard task, as
emergency lights come in various forms, to name a few,
external flashing lights, alternating flashing lights, and the
same light sources as the turn indicators.

Furthermore, a challenging aspect is, how strongly a
vehicle is occluded (Fig 1, c¢). We calculate an occlusion
parameter between 0 to 1 by calculating the overlap between
bounding boxes within a frame and provide this information
as ground truth. Fig. 2, b shows the distribution of the
occlusion parameter.

C. Data Overview
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Fig. 5: Class distribution of the visual intention annotations.

In total we annotated 1.552.397 frames based on 25327
vehicle tracks with the following visual intentions NONE,
LEFT, RIGHT, EMERGENCY, REAR, and BREAK. Figure 5

provides insight into the class distribution. Mostly, no visual
intention is observable. Brake and rear lights rank as the
second most intention. Notably, the distribution of left and
right turns is nearly balanced.

IV. METHOD

We introduce the VISUAL INTENTION FORMER (VIF), a
transformer-based approach designed to classify the visual
intention of vehicles. Our method requires a batch of vehicle
tracks, where each track consists of the past N image crops of
the corresponding vehicle, and classifies the visual intention
of each vehicle within the batch at the last frame. We assume
the presence of a fully functional perception pipeline, such as
[13] and [14] for vehicle detection and tracking, respectively.
A full visualization of our method is shown in Fig. 4.

A. Image Feature Extraction

Transformer models [15] learn dependencies among a
fixed number of input tokens. To employ a transformer archi-
tecture for visual intention classification, we begin by extract-
ing relevant image features and representing them as token
vectors. For this purpose, we use a vision transformer [16]
architecture (ViT), which was pretrained on the ImageNet
1k challenge [17]. We first resize all image within the batch
to a shape of 224x224 pixels and subsequently normalize
the pixel values. Following this, we reshape the batch of
vehicle tracks [B, N, C, H, W], where B is the number of
vehicle tracks, N the number of images per track, and C,
H, W are the channel, height, and width dimension, into a
batch of images [B*N, C, H, W] and generate image feature
embeddings using the ViT model. Afterwards, we reshape
the batch of embeddings back into the original batch of
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TABLE I: Number of parameters for both image feature extraction
and sequence encoding transformer models.

Parameter Image Feature Extraction  Sequence Encoding
Token dimension 768 768
Number of heads 16 16

Head dimension 64 64

Depth 6 2

MLP dimension

vehicle tracks. Where each track now consists of a sequence
of image embeddings. For the image feature extraction stage,
we evaluated different CNN-based approaches. However, as
the output of CNN-based backbones, such as ResNet [18]
are three dimensional, a projection to a one dimensional
feature vector has to be learned. The ViT architecture has the
advantage that generated feature representations are already
a one dimensional feature vector. Hence, the output can be
directly passed into the sequence encoding transformer.

B. Sequence Encoding

Once each image in the sequence is encoded as a token
vector, we prepend a learnable [CLS] token [19]. In natual
language processing tasks, a [CLS] token primarily learns key
informations about the entire sentence required for specific
downstream tasks. Additionally, we incorporate a learned
position embedding for each token. Since this embedding en-
capsulates the temporal order of images within the sequence,
we reference to it as the temporal embedding. Afterwards,
we pass this tokens set into a transformer encoder and use
the [CLS] token as output. Parameters of the image feature
extraction and sequence encoding transformer are outlined
in Table L.

C. Visual Intention Classification

Since various vehicle lights can be concurrently active, the
classification of the visual intention is a multi-label problem.
To address this, we use multiple classification heads.

The REAR head is responsible for classifying the state of
the rear and brake lights. Consequently, the output classes
include NONE, REAR, or BREAKS. This head is implemented
through a linear projection of the [CLS] token into three
neurons, each corresponding to one class.

For the classification of the LEFT, RIGHT, and EMER-
GENCY states, the INDICATOR head is introduced. In a
similar manner, a linear projection is employed based on
the [CLS] token.

Given that the accuracy of turn intention heavily depends
on the vehicles heading, we additionally enhance our method
with a HEADING head. The head is responsible for learning
the vehicle orientation, enabling the INDICATOR head to use
this information for the classification indicator-based visual
intentions. We model this head as classification task with the
classes BACK, RIGHT, FRONT, LEFT and calculate the target
class based on the vehicle heading. To further improve the
prediction results, we apply a median filter on the five past
predictions per vehicle track.

D. Training

Due to the absence of annotations for the test set, we split
the validation set evenly into two sets of 101 sequences each.
This configuration yields a total of 798 training sequences,
along with 101 sequences for both validation and testing
purposes.

During the training process, for each vehicle track, we
use a sliding window approach to segment the complete
track into multiple sub-tracks, each being as long as the
number of images fed into our method. The target labels
are extracted from the last image in each sliding window.
Afterwards, we apply multiple augmentation methods to each
sub-track. First, with probability of 0.5, we horizontally flip
all images within the track. It’s important to note that in the
event of flipping, the left and right turn intention targets need
to be adjusted accordingly. Furthermore, with a probability of
0.5, we augment a batch of images using the augmentation
method described in [20]. If this augmentation method is
applied, it is applied with consistent parameters across each
vehicle track. We train for a maximum of 200 epochs and
employ early stopping. All classification heads are trained
using focal loss [21]. The total loss is calculated by summing
the individual losses. Experiments have shown that keeping
the ViT for the image feature extraction frozen lead to sub-
optimal results. Hence, we also fine-tune the ViT during
training. We use a batch size of 16, the AdamW optimizer
[22] with an initial learning rate of 5 % 107%, and cosine
annealing [23] without warm restarts with a final learning
rate of 1% 107°.

V. EVALUATION

We perform our experiments on the 101 test sequences
containing visual intentions. Before evaluating on these se-
quences, we train all methods on the merged training and
validation splits using a sequence length of 10 input frames.

A. Baselines

Regarding the baseline methods, we focus on deep learn-
ing based methods. As related work does not provide code,
we implemented multiple baseline methods. Our adapta-
tion of the DEEPSIGNALS approach presented in [10] re-
quired modifications due to dataset variations. In detail, our
dataset does not provide per frame illumination annotations
(UNKNOWN, OFF, ON). Hence, we remove the head respon-
sible for this classification task. Moreover, since our dataset
includes annotations for rear and brake lights, we expand
the model by incorporating an additional head to classify
the intention based on visual clues from these lights.

Following the recommendation of [9], we apply general
time sequence analysis techniques for the purpose of clas-
sifying the visual intention of a vehicle. Consequently, we
adapt both the 3DRESNET [24] architecture, and the VIVIT
[25] architecture to classify visual intentions.

B. Primary Test Dataset Evaluation

Our evaluation primarily relies on the F1-Score for the
indicator, and rear visual intention classification task. We
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TABLE II: Evaluation results on the full test dataset. Best results
are indicated in bold.

Model F1 Indicator F1 Rear F1 Heading
3DRESNET [24] 0.55+0.01 0.75+0.03 0.68=+0.02
VIVIT [25] 0.59 £0.02 0.77£0.02 0.80£0.01
DEEPSIGNALS [10]  0.644+0.02 0.76 £0.04  0.83 & 0.03
VIF (ours) 0.70 £0.01  0.78£0.02 0.93 +0.02

conduct three separate training runs and report both the
mean and standard deviation of the results. The heading
classification task is generally considered as task to help
the model understand indicator-based visual intentions. The
results of the evaluation are shown in Table II. With a
mean F1-Score of 0.55 and 0.75 the 3DRESNET performs
worst in the indicator and rear test evaluation, respectively.
The second worst performing model is the VIVIT. It is
significantly stronger in the heading F1-Score and provides
a minor improvement in indicator-based visual intention F1-
Score. In comparison, the DEEPSIGNALS method was able
to learn all tasks. However, in [10] the method achieves an
F1-Score for indicator intention classification around 0.70.
Whereas in our evaluation, on our test dataset, a mean F1-
Score of 0.64 is achieved. As both datasets are large scale,
we suspect that their architecture head to classify the state
of the light source (UNKNOWN, OFF, ON) for each frame
significantly boosts the models performance. The VIF method
achieves state-of-the-art performance, resulting in an mean
F1-Score of 0.70 for indicator and 0.78 for rear intention
classification. Across all methods, the F1-Score for rear
classification does not change significantly. We suspect that
this is primarily the case because the rear/brake signals are
visually easier to learn compared to turn indicator signals.

For subsequent evaluations, we employ the VIF model,
which achieves the highest performance in the indicator-
based intention classification task. Fig. 6 shows the confusion
matrix for the indicator-based intention classification. It is
noteworthy that the method achieves a slightly lower perfor-
mance for emergency intentions compared to turn intentions.
We suspect this to be caused due to an in-balance in the
dataset.

TABLE III: Evaluation results of the VIF method on the full test
dataset regarding different input sequence lengths. Best results are
indicated in bold.

Sequence Length  FI Indicator F1 Rear  F1 Heading
5 0.68 0.81 0.92
10 0.72 0.79 0.94
15 0.66 0.81 0.93
20 0.64 0.77 0.92
25 0.60 0.78 0.93

C. Sequence Length

As the sequence length of the tracked traffic agents
is an essential parameter of our method, we conduct an
evaluation with different sequence lengths. Table III shows
the evaluation results. We evaluate sequence lengths of 5,

N L R E
Predicted Class

Fig. 6: Confusion matrix for the indicator-based visual inten-
tion classification on the test dataset. Labels are N for none,
L for left, R for right, E for emergency.

TABLE IV: Evaluation results on the test dataset grouped by the
time of the recording.

Task Day Night Dusk/Dawn
F1 Indicator 0.68  0.91 0.50
F1 Rear 082 070 0.50
Fl Heading  0.93 0.93 0.90

10, 15, 20, and 25 input frames. Considering the indicator-
based intention classification F1-Score, shorter sequence
lengths return more promising results, where a sequence
length of 10 achieves the best results. The classification of
break, rear lights, and vehicle heading is not affected by
the input sequence length and achieves consistent results
using different input lengths. We assume that this is the case
as visual features necessary for accurately executing these
classifications do not undergo significant changes over time.

D. Daytime Evaluation

In this experiment, we split the test dataset into different
groups based on the daytime. Evaluation results are shown in
Table IV. For the indicator and rear intention classification
task, the model performs worse during dusk and dawn. This
is a typical limitation for perception systems, caused by
glares and other vision impairing effects typically occurring
during the rising and setting sun. Interestingly, the indicator-
based visual intention classification performs significantly
stronger in the night. We assume that this is caused by the
strong color difference between the indicator and the rest
of the car in dark scenes. Hence, indicator-based intentions
can be seen more easily and the classification improves.
In comparison, the rear and break intention classification
performs significantly worse in the night. We assume, that
the reduction in performance is caused by the need to further
distinguish between the rear and break lights. During day
time the rear lights are off, while break lights occur once
a vehicle breaks. However, in low-light conditions, such as
during the night, the rear lights of a vehicle are always on.
When a vehicle starts to brake, they emit a higher intensity.
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TABLE V: Evaluation results on the test dataset grouped by the
vehicle heading class.

Task Back Right Front Left
F1 Indicator  0.68 0.80 072 0.64
F1 Rear 0.69 0.93 0.91 0.96

E. Vehicle Heading Evaluation

In this experiment, we evaluate the intention classification
with respect to the vehicle heading. Therefore, we split
the test dataset into separate splits based on the target
vehicle heading class. For indicator-based intentions, the
results show, that the method is not classifying intentions
uniformly regarding the vehicle heading. For back- and front-
facing vehicles, the method performs slightly better for front
facing vehicles. Meanwhile, vehicles oriented to the left
result in decreased classification, while those oriented to
the right show improved classification. Regarding the rear-
based intention classification, the method performs strongly
for vehicles oriented to the RIGHT, FRONT, LEFT. However,
this is expected as most of ground truth labels for these cases
are NONE because the rear lights are not or barely visible.
For back facing vehicles, the method achieves an F1-Score
of 0.69. Results are presented in Table V.

FE. Architecture Heads

We conduct evaluations to assess the performance of
our method with respect to different classification heads.
Training the architecture solely with the indicator head led to
a performance degradation of 0.12 in F1-Score compared to
the architecture with all heads. This validates the assumption
that the heading head plays a crucial role in enabling the
model to understand the distinction between front- and rear-
facing vehicles. Furthermore, we repeat the training of the
model containing only the indicator head with inverted class
labels for the indicator-based visual intentions. Hence, if a
vehicle has the FRONT orientation in the ground truth, the
LEFT and RIGHT indicator intention class labels are inverted.
If a vehicle has any other orientation, the ground truth label
are not inverted. Hence, the model does not have to learn the
difference between front- and rear-facing vehicles. However,
even with this configuration, the method performs worse in
F1-Score compared to the method containing the heading
head. Additionally we train the method with all heads and
the inverted indicator-based visual intention class labels.
Nevertheless this did not lead to further improvements in the
indicator intention F1-Score. The results of this evaluation
are shown in Table VI.

VI. LIMITATIONS

Transformer-based models require a fixed size of input
tokens. Hence, the proposed method also requires a fixed
input sequence length. This leads to the limitation, that the
visual intention of a vehicle can only be classified after 10
frames, or 1 second (using a camera sampling frequency
of 1 Hz). While this is not a critical limitation, we assume
that downstream prediction tasks will perform better without

TABLE VI: Evaluation results for the VIF architecture with varying
heads. 1, R, H indicate that the indicator, rear, and heading heads
are present, respectively. A * describes that the class labels for the
indicator-based visual intentions are inverted for vehicles with the
FRONT heading.

Model  FI Indicator F1 Rear F1 Heading
I 0.60 - -

I* 0.68 - -

H 0.71 - 0.92

IR 0.61 0.80 -

IRH 0.72 0.79 0.94
IRH* 0.71 0.80 0.93

this limitation. A straight forward hypothesis to remove this
limitation is to zero pad image feature tokens until the
maximum sequence length is reached. However, in a first
evaluation this approach led to unpromising results.

VII. CONCLUSION

In this paper, we addressed the task of classifying visual
intentions. We extended the Waymo Open Dataset with
ground truth annotations and proposed a transformer-based
method to solve this task. We train and evaluate our approach
against different baseline methods and show state-of-the-art
results. In future works, we want to remove the limitation of
a fixed input sequence length. Furthermore, we will extend
this pipeline to include visual intentions of vehicles into a
motion prediction method.
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