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Abstract— A common obstacle for applying computer vision
models inside the vehicle cabin is the dynamic nature of the
surrounding environment, as unforeseen situations may occur
at any time. Driver monitoring has been widely researched in
the context of closed set recognition i.e. under the premise that
all categories are known a priori. Such restrictions represent
a significant bottleneck in real-life, as the driver observation
models are intended to handle the uncertainty of an open world.

In this work, we aim to introduce the concept of open sets
to the area of driver observation, where methods have been
evaluated only on a static set of classes in the past. First,
we formulate the problem of open set recognition for driver
monitoring, where a model is intended to identify behaviors
previously unseen by the classifier and present a novel Open-
Drive&Act benchmark. We combine current closed set models
with multiple strategies for novelty detection adopted from gen-
eral action classification [1] in a generic open set driver behavior
recognition framework. In addition to conventional approaches,
we employ the prominent I3D architecture extended with
modules for assessing its uncertainty via Monte-Carlo dropout.
Our experiments demonstrate clear benefits of uncertainty-
sensitive models, while leveraging the uncertainty of all the
output neurons in a voting-like fashion leads to the best recog-
nition results. To create an avenue for future work, we make
Open-Drive&Act public at www.github.com/aroitberg/
open-set-driver-activity-recognition.

I. INTRODUCTION

How can we deal with driver behavior that was not
learned by our models during training? As we will never
be able to capture and annotate all possible driver behaviors
in our training data, we need to find a way to handle such
unknown activities. While this task is vital for practical
applications of driver activity recognition, previous works
merely focused on optimization of the top-1 classification
accuracy on a fixed set of carefully designed actions [2]–
[11]. Exploring what happens if a video with a new behavior
is passed to the model, has been overlooked in the past.

Driver activity recognition has a variety of applications,
ranging from perceiving distraction and sending a warning
to increasing comfort during autonomous driving (e.g. ad-
justing the movement dynamics if the person is drinking
coffee) [11]. However, if a model developed for closed set
recognition is utilized directly in an open world, it will be
quickly exposed to uncertain situations. This might e.g. result
in a high number of false positive detections which are both
highly disturbing for the user and potentially dangerous.

While a large number of driver behavior recognition
benchmarks have been introduced in recent years [2], [4],
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Fig. 1: Standard closed set driver behavior recognition bench-
marks assume that the test examples only contain classes
previously seen during training (top). We propose the task
of open set driver activity recognition, where behaviors not
previously seen by the model are also present (bottom).

[6], [8], [11], they represent a setting where the action
categories in the training and test set are exactly the same
(Figure 1, top). The largest of these closed set benchmarks is
Drive&Act [11], in which all of the 34 available fine-grained
activity classes are used both for evaluation and for training.
However, the recent research underlines the importance of
studying the behavior of such models when exposed to pre-
viously unseen classes [1], [12]–[14] and highlighting their
limits when exposed to uncertainty [13], [15]. Impressive
results on the conventional datasets may therefore draw an
artificially idealistic picture, as the closed set constraint does
not hold for dynamic environment of real-life applications.
In this work, we propose to incorporate previously unseen
behaviors in the evaluation of driver activity recognition
models and expose them to open set conditions (Figure 1,
bottom). We aim to highlight the role of uncertainty in the
field of driver observation and develop models, which do not
only assign one of the previously seen classes but are also
able to distinguish the known and the unknown ones.
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Contributions and Summary Given the dynamic nature
of the environment inside the vehicle cabin, we argue that
exposing activity recognition methods to previously unseen
situations is crucial for applications. This work aims at
bringing the notion of open sets to the field of driver activity
recognition and has the following major contributions. (1) To
counter the lack of open set benchmarks for driver behavior
understanding, we introduce and publicly release the Open-
Drive&Act testbed, which augments the original Drive&Act
dataset with an open set setting, covering ten splits and a
formalized evaluation protocol. (2) We propose a generic
framework for open set activity recognition which incorpo-
rates two facets necessary for such systems: novelty detection
and standard supervised classification. First, the novelty
detection module computes the newness score of the video
example and decides whether the behavior is familiar or not
based on a variable threshold. Then, the behavior is either
labeled as “unknown” or passed to the classification module,
a neural network which classifies it with one of the known
labels. (3) We evaluate multiple variants of the novelty de-
tection module originating from the field of general activity
recognition [1], which we adjust to our driver monitoring
task. Different strategies for computing the newness score
are based on conventional [16]–[18] and uncertainty-based
approaches [1], [15] for outlier detection. We establish a
strong open set driver behavior recognition benchmark, by
systematically evaluating our framework variants on Open-
Drive&Act in terms of binary (i.e. known or unknown) and
multi-class accuracy. Our experiments demonstrate the effec-
tiveness of the uncertainty-based novelty detection methods
in comparison to the conventional approaches.

II. RELATED WORK

A. Driver Activity Recognition

Vision-based activity recognition has undergone a prompt
shift from machine learning approaches operating on hand-
crafted features [19], [20] to end-to-end Convolutional Neu-
ral Networks (CNNs) [21], [22]. The rise of deep CNNs,
however, had a rather slow effect on the field of driver
behavior recognition. Presumably due to the comparably
small size of available datasets [3], [8], [23] and the data-
hungry nature of CNNs, most of the approaches are based on
manually defined feature descriptors. The features are often
computed from body pose [2], [23]–[25], eye gaze [2] or
detected objects [24] and then classified with an SVM [2],
random forests [3], HMM [23], [26], RNN [23], [24] or
e.g. treated as a spatio-temporal structure passed to a graph
neural network [25]. Recent emergence of large-scale bench-
marks [11] and progress in deep transfer learning has lead
to the first CNN-based driver activity recognition approaches
surpassing the hand-crafted methods in performance [4],
[10], [11]. However, all existing methods are designed and
evaluated in the closed set scenario. We aim to overcome
this constraint and research driver activity recognition in
the realistic open set case, where the model needs to solve
two tasks: identify, whether the action is known and, if so,
recognize the correct known class.

B. Novelty Detection and Open Set Recognition

While open set recognition has been well-studied in some
areas, such as face recognition [27], [28], the research of
open set activity recognition has been very limited. Recent
surveys of open set recognition [29], [30] identify the ability
to distinguish between the known and unknown classes
(i.e. novelty detection) as imperative in any recognition
system. The novelty of captured data has been addressed
through different machine learning methods with a system-
atic overview of approaches provided in [31], [32]. A lot
of today’s novelty detection research is anchored in classical
machine learning e.g. One-class SVM [33] or Gaussian Mix-
ture Models (GMMs) [32], which solve the problem from the
probabilistic point of view. Distance-based approaches such
as Local Outlier Factor are based on the idea of local density,
assuming that “normal” samples have a set of k neighbors
similar to the training data [34]. From the deep learning
perspective, anomaly detection is usually achieved by thresh-
olding the Softmax value of the top predicted class [35]–[37].
Recently, novelty detection has been addressed for the first
time in the context of action classification [1]. The work
compares classical novelty detection methods and presents
a new algorithm based on Bayesian uncertainty, which we
leverage for the driver monitoring task.

Despite its relevance for practical applications, there is
a lack of open set recognition research inside the vehicle
cabin. We therefore introduce the first open set framework for
driver behavior understanding, enhancing the SoA methods
for standard supervised driver activity recognition with mul-
tiple strategies to quantify the newness of the video sample
adopted from the field of general activity recognition [1].
We analyze the performance of our system on our Open-
Drive&Act benchmark for open set driver activity recogni-
tion, which we will publicly release to the community.

III. OPEN SET DRIVER ACTIVITY RECOGNITION

A. Open-Drive&Act Benchmark and Problem Formulation

To address the lack of open set benchmarks for driver
observation, we introduce Open-Drive&Act – the first driver
activity recognition testbed in which the evaluation procedure
comprises both known and unknown behaviors. Thereby, we
extend the Drive&Act dataset for closed set activity recog-
nition inside the vehicle-cabin to the open set scenario and
formalize the evaluation process to handle unseen classes as
follows. We employ the available Drive&Act videos captured
by a NIR-camera facing the person and all 34 annotations
on the fine-grained activity level. Then, we split the dataset
into 24 seen and 10 unseen categories, of which 5 unknown
classes are used for validation and 5 for testing. Videos
of unseen activities are not available during training, while
samples of the remaining seen activities are further split
into training (60%), validation (20%) and testing (20%). We
randomly generate 10 splits and report the average and the
standard deviation of the recognition metrics. Given a model
trained on the available seen behaviors, our framework needs
to handle both known and novel activities at test-time and
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Fig. 2: Overview of the proposed neural network-based framework for open set driver activity recognition.

is examined in two different settings. (1) Novelty detection
comprises binary decision whether the video depicts a known
behavior evaluated as area under the ROC- and PR-curve. (2)
Open set multi-class recognition aims to first reason about
the novelty of the instance and then and in the case the class
is known, it assigns the correct label. In the latter setting, the
multi-class accuracy is used as the recognition metric, where
unknown is treated as an additional category extending the
already known classes.

B. Neural Architecture Overview

In this paper, we present a generic framework for open
set driver activity recognition, incorporating both facets
necessary for such systems: conventional supervised clas-
sification of previously seen activity classes and the ability
to distinguish between those cases (i.e. novelty detection).
The proposed model takes as input a video and determines
whether the instance is seen or unseen by thresholding the
novelty score. The threshold can be chosen e.g. using the
Equal Error Rate (EER) of the ROC curve on the validation
set. Therein, we compute an encoding of the input, by using
an intermediate layer of a neural network trained for super-
vised classification of the known classes. The embedding is
then passed to the novelty detection module, which assesses
the input newness. Depending on the outcome, the video
is either conveyed to a supervised classification module or
marked as unknown. Figure 2 provides an overview of our
architecture with novelty detection using uncertainty-based
selective voting of the output neurons (Section III-E). While
Figure 2 illustrates the best performing variant of the novelty
detection module, we also adopted and benchmarked other
popular novelty detection approaches, such as One-Class
SVM, as described in Section III-D and Section III-E.

C. Video Embedding and Classification

For representation learning and classification in our sys-
tem, we implement a CNN based on 3D-convolution and
-pooling kernels to deal with the spatial and temporal di-
mensions of our input. The neural network takes as input a
video snippet of 64 frames with a resolution of 224× 224
and learns to assign one of the known activity labels. Our
framework is based on the Inflated 3D architecture (I3D)
proposed in [21] for conventional action recognition. I3D is a

version of the well-known Inception-v1 architecture extended
with a temporal dimension. The network stacks 9 charac-
teristic Inception modules: small sub-networks which use
convolutions with different kernel sizes in parallel, while
keeping the number of operations low by reducing the
dimensions via 1× 1× 1 convolutions. The complete I3D
network consists of 27 layers with three convolution layers
at the beginning and one fully-connected layer at the end,
four max-pooling layers at the beginning and one average
pooling layer preceding the last fc-layer and nine inception
modules which themselves are two layers deep. Figure 3
visualizes the obtained I3D embedding representations for
both known and unknown classes of one Open-Drive&Act
validation split using t-SNE, depicting a clear correlation
between the computed features and action semantics.

D. Classic Novelty Detection Approaches

One-Class SVM The One-class SVM introduced by
Schölkopf et al. [17] is a widely used non-probabilistic
method for novelty detection. The model learns to transform
video embeddings into a feature space defined by a boundary
hyperplane aiming to increase the separation margin from the
origin. The novelty estimate is then quantified as the signed
distance to the separating hyperplane, which is positive, if the
data point is inside the boundary (i.e. a known class). We use
a Radial-Basis-Function kernel and train the SVM using the
intermediate I3D-embeddings as our video representation.

Gaussian Mixture Models We consider a classical genera-
tive approach for novelty detection using Gaussian Mixture
Models (GMMs) [32]. We use a mixture of 24 Gaussian
distributions (i.e. number of the known categories) and esti-
mate model parameters using the Expectation-Maximization
algorithm to fit our known activities, represented as the
intermediate embeddings of the I3D model. We then use the
estimated probability density function to quantify the novelty.

Neural Network Softmax Confidence A common way for
novelty detection with neural networks is to threshold the
output of the neuron with the highest activation value [18],
[35], [38]. In conventional CNNs for visual recognition,
the output of the last fully-connected layer is normalized



using the Softmax function, resulting in point estimates for
a fixed set of classes from which Cross-Entropy loss is
computed. The resulting Softmax scores are often denoted as
class probabilities [15], since they satisfy the properties of
a probability function: they range between 0 and 1 and sum
up to one. The input is assigned the class with the maximum
Softmax score and can be directly used to quantify the data
normality [18], [39]. We therefore train the I3D model to
distinguish between the known activities directly through the
top class Softmax score to detect unknown behaviors.

E. Deep Probabilistic Novelty Detection

When considering the Softmax score of the predicted
class as a confidence measure, which is a common prac-
tice [18], [35], one would likely face the phenomenon of
model miscalibration [13]. The top-1 Softmax tends to be
biased towards very high values for both, correct predictions
and misclassifications [13]. One way to address models
confidence is to aim for the posterior distributions instead
of single point estimates for each class. In Bayesian Neural
Networks [40], this is achieved by placing a prior over
models weights, so that learned parameters and therefore also
the predicted values, become probability distributions. The
predictive probability of the BNN is obtained by integrating
over the parameter space ω (Eq. 1). Since the posterior
p(ω|Xtrain,Ytrain), where Xtrain,Ytrain denotes the training data
and annotations, is intractable, it is often replaced with
a variational distribution qθ (ω) and approximated using
Monte-Carlo sampling (Eq. 2 and Eq. 3):

p(y|x,Xtrain,Ytrain) =
∫

ω

p(y|x,ω)p(ω|Xtrain,Ytrain) dω (1)

≈
∫

ω

p(y|x,ω)qθ (ω)dω (2)

≈ 1
T

T

∑
t=1

p(a|x,ωt), with ωt ∼ qθ (ω) (3)

Gal et al. (2016) has provided a proof, that iteratively
applying dropout at test-time and then computing the output
statistics of the model, is a variational approximation of a
BNN posterior distribution with network parameters modeled
as a Gaussian Process [15]. Dropout sets the nodes to zero
with a probability ρ making the network non-deterministic
(therefore qθ (ω) follows a Bernoulli distribution for model
weights to approximate the BNN posterior). This approach,
often referred to as MC-Dropout, has been recently used for
identifying previously unknown activity samples [1].

Novelty via Dropout Sampling Statistics We equip I3D
with MC-Dropout at test-time [15] after the last average
pooling layer and use its probabilistic version to quantify the
normality of driver behavior [1]. Let xemb be the embedding
generated by I3D after the last average pooling layer and
W , b be the weight matrix and bias vector of the last
fully connected layer. Typically, network weights W are
deterministic at test time and dropout is only active during
training. Instead, we apply dropout interactively at test time,
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Fig. 3: T-SNE representation of the I3D video embeddings of
one Open-Drive&Act validation split. Labeled dots depict the
center of all samples of the corresponding category (activities
known from training in color, unknown in gray).

which below is formalized by multiplying W with a diagonal
matrix D, with diagonal values set to 0 with probability ρ and
otherwise to 1. The probabilistic I3D no longer gives single
point estimates, but now predicts Gaussian distributions for
each known driver behavior. The mean of the computed
distribution is now used to assign the known class to the
data and is computed over T stochastic iterations as follows:

E(y|x)≈ 1
T

T

∑
t=1

softmax(W D xt
emb +b) (4)

Similarly, we compute the predicted distribution variance
which is directly linked to models uncertainty:

U(y|x)≈ 1
T −1

T

∑
t=1

[softmax(W D xt
emb +b)−E(y|x)]2 (5)

Uncertainty-based Selective Voting of Output Neurons
Previous research highlights, that consolidating the uncer-
tainty of all output neurons is more effective than utilizing
the top-1 uncertainty alone [1]. Intuitively, we do not only
consider the certainty of the model that the input indeed
belongs to the predicted class, but also, how sure it is, that
it does not belong to one of the other classes. To achieve
this, we let the output neurons vote about the novelty, as
in [1]. The voting is privileged to the subset of output
neurons, which usually have stable uncertainty values given
the predicted class. Let C be the set of action categories
known during training. For each known class c? ∈ C, we
find a subset of informed neurons Ic? , which are classes with
the output neuron uncertainty usually not changing much
for different examples of c?. More formally, ci ∈ Ic? if the
variance of uncertainty of the ci neuron calculated over the
training set is below a threshold τ (we choose τ = 0.004
empirically using the validation set). For a new video x,
we first find the predicted known category c? (e.g. class
with maximum softmax score). Then, we look up the set of
informed neurons Ic? of c? (as estimated during training) and
use them to compute the novelty score υ(x) as the average

uncertainty of the informed neurons: υ(x) =
∑c j∈Ic?

U(c j |x)
|Ic? |

.



Method Determi- Validation Test
nistic ROC AUC[%] ±SE ROC AUC[%] ±SE

Conventional Methods and Baselines
Random Chance – 50.00 – 50.00 –
One-class SVM X 62.51 ± 5.92 59.35 ± 11.19
Gaussian Mixture Model X 68.84 ± 6.97 65.73 ± 7.09
Conventional NN Confidence X 82.21 ± 5.66 81.05 ± 4.64

Deep Models based on Bayesian Uncertainty
Bayesian I3D – Pred. Variance (T=10) – 82.53 ± 5.40 82.28 ± 4.48
Bayesian I3D – Pred. Variance (T=100) – 83.10 ± 5.47 82.69 ± 4.36
Bayesian I3D – Pred. Mean (T=10) – 83.77 ± 4.71 82.88 ± 3.94
Bayesian I3D – Pred. Mean (T=100) – 84.60 ± 4.50 83.60 ± 3.93
Bayesian I3D – Selective Voting – 85.30 ± 4.06 84.33 ± 3.85

TABLE I: Results for unknown driver behavior detection as a binary task on the Drive&Act Dataset (average and standard
deviation over the ten splits). Uncertainty-based models consistently outperform standard approaches.

Method Balanced Accuracy Normal Accuracy
Acc [%] ±SE Acc [%] ±SE

Conventional Methods and Baselines
Random Chance 4.00 – 4.00 –
One-class SVM 24.49 ±8.68 54.78 ±7.90
Gaussian Mixture Model 23.61 ±6.82 62.39 ±5.98
Conventional NN Confidence 44.02 ±5.16 74,83 ±6.86

Deep Models based on Bayesian Uncertainty
Bayes. I3D – Mean (T=10) 44.12 ±5.12 76,98 ±5.86
Bayes. I3D – Mean (T=100) 42.71 ±5.10 77,39 ±5.44
Bayes. I3D – Variance (T=10) 49.76 ±7.67 75,94 ±6.74
Bayes. I3D – Variance (T=100) 49.31 ±9.08 75,55 ±6.40
Bayes. I3D – Selective Voting 57.55 ±9.54 77.62 ±4.55

TABLE II: Accuracy for multi-class recognition with an
unknown class (24 known classes + unknown). Normal
accuracy is the recognition rate across all test samples, while
balanced accuracy is the mean of the individual classes recall.

IV. EXPERIMENT RESULTS

We evaluate the open set driver behavior recognition
pipeline extensively using our testbed, equipping the I3D
model with different variants of the novelty detection mod-
ule. Examined methods range from standard approaches
(One-Class SVM, GMM, using CNN confidence directly) to
novel uncertainty-based methods (see Section III-E) and are
compared with each other and a random classifier baseline.

Novelty Detection We first examine our approaches in terms
of raw novelty detection i.e. binary decision whether the
seen behavior class was present during training. We use
the area under the ROC curve computed from the produced
novelty scores as our evaluation metric and report the mean
and standard deviation over ten splits in Table I. While
all models surpass the random classifier, neural network-
based approaches show clear advantages, as even using the
neural network Softmax score alone outperforms a GMM by
15.32% on the test set. The recognition rate is improved by
using probabilistic approaches, as all model variants based
on Bayesian uncertainty surpass using conventional Softmax
confidence. The predictive mean and variance denote us-

ing the MC-Dropout sampling statistics of the top-1 class
confidence as in Eq. 4 and Eq. 5. While increasing the
number of stochastic forward passes T from 10 to 100
improves the results in cases of both, predictive mean and
variance, the advancement is small (0.41% to 0.73%) and
might be omitted in favor of better computation speed.
Leveraging uncertainty of all the output neurons via informed
voting leads to the best recognition rates for both, training
and validation set. Thereby, the informed voting strategy
surpasses the raw neural network confidence by 3.28% with
a total area under ROC of 84.33% on the test set.

Open set Multi-class Recognition Next, we evaluate the
open set multi-class recognition, where we use accuracy as
our evaluation metric and treat unseen as an additional label
(Table II). Since the distribution of classes in Drive&Act is
highly unbalanced [7], we report also the balanced accuracy
(mean recall of each individual class, as in [7]). Uncertainty-
based selective voting outperforms other approaches in both
metrics with a remarkably strong lead in balanced accuracy.
This reflects, that the important question is not only “how
do we distinguish between known and unknown?”, but also
“if we reject a known class by mistake, are we missing out
an otherwise correctly predicted sample or a misclassifi-
cation?”. In case of selective voting, such false positives
are usually samples, which would have been incorrectly
classified by I3D anyway. Their categorization as unknown is
therefore not very damaging, and oftentimes even practical.
Of course, open set recognition is a harder task and the
balanced accuracy is lower than in the closed set case [7].
Still, 77.62% of the test examples are correctly classified
(57.55% after balancing), which is significantly higher than
the random baseline of 4% for 25 categories. While our eval-
uation considers all novel activities as a single unseen cate-
gory, methods for knowledge transfer from external sources
(e.g. via zero-shot learning [41]) would potentially allow us
to distinguish different novel behaviours among each other,
marking an important direction for future research.



V. CONCLUSION

Driver behavior analysis facilitates new ways of human-
vehicle interaction but requires models that are reliable in
a constantly changing world. In this work, we introduced
the new task of open set driver activity recognition, which
extends the conventional driver observation [6], [8], [11]
with presence of previously unseen behaviors. We enriched
the existing Drive&Act dataset with open set splits and
formalized evaluation protocols in a novel Open-Drive&Act
benchmark, in the hope of encouraging future research of
driver observation in a dynamic world. We further implement
a generic pipeline for open set driver activity recognition,
which combines modern closed set classification methods
with an additional component for computation of the novelty
score. In an extensive evaluation, we examine both traditional
methods and recent algorithms based on Bayesian uncer-
tainty [1] as our novelty detection module. The experiment
results reveal clear benefits of uncertainty-aware models for
open set recognition, a vital step for applications of such
algorithms in real-life driver monitoring systems.
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