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Abstract— In this work we explore Hidden Markov models
as an approach for modeling and recognizing dynamic hand
gestures for the interface of in-vehicle infotainment systems.
We train the HMMs on more complex shape descriptors
such as HOG and CNN features, unlike typical HMM based
approaches. An analysis of the optimal hyperparameters of
the HMM for the task has been carried out. Also, dimensionality reduction and data augmentation have been explored
as methods for reducing overfitting of the HMMs. Finally
we experiment with the CNN-HMM hybrid framework which
uses a trained Convolutional Neural Network for estimating
the emission probabilities of the HMM. We obtain a mean
recognition accuracy of 57.50% on the VIVA hand gesture
challenge, which while not the best result on the dataset, shows
the feasibility of the approach.
Index Terms— Hand Gesture Recognition, naturalistic drive
setting, Hidden Markov Models (HMM), Convolutional Neural
Networks (CNN) for feature extraction, CNN-HMM hybrid

I. INTRODUCTION
A contact-free interface for an in-vehicle infotainment
system can potentially reduce the visual load on the driver as
compared to a tactile interface, leading to fewer distractions
and improving the safety and comfort of the driver. A
vision based hand gesture recognition system can lead to an
interface that is both intuitive and non-intrusive. In this paper,
we explore one such approach based on Hidden Markov
Models.
The volatile in-vehicle environment introduces many challenges for gesture recognition as compared to a controlled
indoor environment. There can be rapid illumination changes
and shadow artifacts. There can be considerable temporal and
postural variability in gestures performed by different users,
which the system needs to be robust to. The system could be
engaged by either the driver or the passenger sitting next to
them and needs to be able to handle either case. Finally,
to allow for multiple functionalities of the infotainment
system, a realistic gesture set needs to be considerably large,
involving hand and finger movements. The system thus needs
to be able to classify a diverse set of gestures. The VIVA
hand gesture dataset provides a realistic setting taking these
factors into account and has thus been used for the evaluation
of this work.
Notable previous work on the VIVA hand gesture challenge includes [1] by Ohn-Bar and Trivedi. The authors
use an SVM based gesture classifier and compare various
hand crafted spatio-temporal features such as HOG [3],
HOG2 [4], HOG3D [5] and Dense Trajectories [6]. They
The authors are affiliated with the department of Electrical and Computer
Engineering at the University of California San Diego
ndeo arangesh mtrivedi @ucsd.edu

978-1-5090-1889-5/16/$31.00 ©2016 IEEE

report their best recognition accuracy with a combination of
concatenated HOG features and HOG2 features. Molchanov
et al.[2] report the highest recognition accuracy to date on the
VIVA hand gesture dataset using a 3D Convolutional Neural
Network. Both methods handle the temporal variability of
the gestures by first resizing the videos to a fixed length
by interpolating frames and then extracting spatio-temporal
features from each video.
An alternative to this approach would be to use generative
models inherently capable of modeling time series. These can
be trained on spatial features extracted from each frame from
the video without having to resize it. Hidden Markov Models
(HMMs) are an example of such generative model. HMMs
have been extensively used in Automatic Speech Recognition
due to their ability to model both the spectral and temporal
variability of speech signals. Analogously, in case of hand
gesture recognition, HMMs can be expected to model the
spatial variability ie. variations in hand posture at any frame
of the video, and the temporal variability of the dynamic
gesture, if trained on shape descriptors.
HMMs have previously been used for hand gesture recognition. Zobl et al.[7] and Althoff et al.[8] use HMMs for hand
gesture recognition in vehicles. Both approaches involve
segmenting the hand region and extracting the hand position,
area and Hu’s moments[11] as features for training the
HMM. Starner et al.[9] use HMMs for sign language recognition. They track a gloved hand and extract features such
as hand location, area, axis of least inertia and eccentricity
of a bounding ellipse for the hand. Minnen and Zafrulla[10]
detect hand blobs and extract features based on the blob
contour for training the HMM. Each of the aforementioned
works use simple feature sets with HMMs. In this work,
we explore the use of more complex shape descriptors,
namely, HOG features and CNN features, for training the
HMM, since results from [1] and [2] suggest that these
contain useful cues for discriminating between the VIVA
hand gestures. Finally, we also experiment with the Neural
Network-HMM hybrid framework that has been employed
successfully in speech recognition systems [16], [17] , where
a trained fully connected or Convolutional Neural Network is
used for generating the emission probabilities of the HMM.
In particular, we seek to answer the following: (1) What
are appropriate hyperparameters to be used in an HMM
for hand gesture recognition? (2) How do HOG and CNN
features compare in the HMM framework? (3) How can we
reduce overfitting in the HMM?
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TABLE I
G ESTURE I NVENTORY
No.
1
2
3
4
5
6
7
8
9
10

Gesture
Swipe Right
Swipe Left
Swipe Down
Swipe Up
Swipe V
Swipe X
Swipe +
Scroll Right
Scroll Left
Scroll Down

No.
11
12
13
14
15
16
17
18
19

a test gesture using the trained HMMs. HMM training and
testing was carried out using the HTK toolkit [13].

Gesture
Scroll Up
Tap once
Tap thrice
Pinch
Expand
Rotate Counter Clock-wise
Rotate Clock-wise
Open
Close

C. Features:

II. METHOD
This section details the data and methods used in this
work. Section II.A briefly describes the VIVA hand gesture
dataset. Section II.B describes the structure of the HMMs
used and their training process. Section II.C describes the
features used. Section II.D describes the methods attempted
for reducing overfitting in the HMM. Finally section II.E
describes the CNN-HMM hybrid system.
A. Data:
The VIVA hand gesture dataset [1] consists of grayscale
and depth videos of dynamic hand gestures performed near
the infotainment unit of a moving vehicle. The videos
were captured using a Microsoft Kinect device and have
a resolution of 115 × 250 pixels. The dataset consists of
19 different gestures involving hand and finger movements
given in Table I. The gestures were performed by 8 different
subjects. Each subject performed every gesture two to three
times with their right hand, while sitting in the drivers seat
and with their left hand, while sitting in the passenger’s seat,
giving a total of 885 gesture videos. The dataset was designed
in order to test the robustness of systems to fast illumination
changes, subject variability, position of the subjects and the
unstable environment of the moving vehicle.
B. HMM topology and training:
For each of the 19 gestures, we use a left-right HMM
topology. The state transitions of a left-right HMM are
restricted only to self transitions and forward transitions
to the next state. This considerably simplifies the model
and is a reasonable assumption since each gesture can be
considered to be a sequence of hand postures and positions
that follow the same order every time. The number of states
is a hyperparameter that we vary. This is explained in greater
detail in section III.A. The emission probability distribution
of each state of the HMM is modeled as a mixture of
Gaussians. The number of mixture components is also a
hyperparameter that is varied. Diagonal covariances are used
for each mixture component instead of full covariances to
reduce the model complexity and possibility of overfitting.
The HMM is trained using the Baum-Welch algorithm[12],
with each gesture’s data being used to train the respective
HMM. Finally, the Viterbi algorithm is used for classifying

Features are extracted from each frame of the depth and
grayscale videos from the dataset. The features are subjected
to a discrete cosine transform after being extracted in order
to decorrelate them. This makes them more suitable to be
modeled by diagonal covariance Gaussian mixture models.
We consider two features in particular:
1) HOG features: We extract modified HOG features as
described in [1]. The entire 115 × 250 pixel frame
is divided into a 4 × 4 grid of blocks with a 50%
overlap between any adjacent blocks. HOG features
are extracted from each of the blocks. 8 unsigned
orientation bins are used for generating the histograms.
Finally all the histograms from the 16 blocks are
concatenated to form the 128 dimensional modified
HOG feature vector for that frame.
2) CNN features: Razavian et al.[14] showed that features extracted from a Convolutional Neural Network
trained for an object recognition task can be used as a
generic image representation for a variety of different
unrelated vision tasks. We use this concept here. We
use the ImageNet trained VGG-16 network[15] as a
feature extractor. Each depth and grayscale frame is
first resized to match the input size of the VGG-16
network. It is then subjected to z-scoring and then
given to the network as input. The activation of the
second last (fully connected) layer of the network,
consisting of 1000 units is treated as the feature vector
to be used in the HMM.
D. Reducing Overfitting in the HMMs:
The HMMs have a tendency to overfit due to the limited
size of the VIVA hand gesture dataset. We thus consider two
approaches to reduce overfitting in the HMM:
1) Dimensionality reduction using PCA: We apply
Principal Component Analysis for reducing the dimensionality of the feature vectors in order to reduce overfitting. The number of principal components retained
is determined experimentally
2) Data Augmentation: We make use of data augmentation methods described in [2] for increasing the
size of the training set. We consider the following
transformations for data augmentation:
• Ordering / orientation based transformations:
The videos are reversed, mirrored or both reversed
and mirrored to obtain three new gesture instances.
This often ends up changing the gesture label. eg.
The swipe up label on reversal becomes the swipe
down label. The scroll left label on mirroring
becomes the scroll right label.
• Affine transformations: The videos are subjected
to affine transformations such as translation or
rotation. We use a vertical shift of ± 5 pixels,
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a horizontal shift of ± 10 pixels and a rotation of
± 5 degrees for each of the videos.
E. CNN-HMM hybrid:
In a CNN-HMM hybrid, a trained CNN replaces Gaussian
mixture models as the state emission probability estimator of
the HMM. The outputs of a trained CNN correspond to the
class posterior probabilities P (C|x) given the input x. If a
CNN is trained to classify the HMM state st given a gesture
frame xt at time t, its outputs correspond to the probabilities
P (st |xt ). These can then be scaled by the HMM state prior
probabilities P (st ) to give the HMM emission probabilities
P (xt |st ).
We use the ImageNet trained VGG-16 network in the
CNN-HMM hybrid framework. Since the VGG-16 network
has been trained on a different set of outputs than our HMM
states, we replace the final layer of the network with output
units corresponding to our HMM states and retrain only the
final layer of the network with the VIVA hand gesture data.
The labels required for training the CNN are obtained by
running our best performing HMM in forced alignment mode
on the VIVA hand gesture data.

Fig. 1.

Effect of varying number of HMM states

Fig. 2. Comparison of gesture wise recognition accuracies and average
gesture lengths for 25 HMM states

III. RESULTS AND DISCUSSION
For each of the following subsections, we test our system
on the VIVA hand gesture dataset in a leave one subject
cross-validation setting. Thus all recognition accuracies reported are the average accuracies across the 8 folds.
A. HMM parameter sweep:
We initially experiment with the HMM hyperparameters,
namely the number of states and number of Gaussian mixture
components in order to decide the optimal values for them.
We use only the depth videos for these experiments.
1) Number of States: We vary the number of states of
each left-right HMM from 5 to 35 using increments
of 5 for both HOG and CNN features. The number
of Gaussians per mixture is fixed at 2. Fig.1 shows
the plot of recognition accuracy vs number of states
for both HOG as well as CNN features. We can
see that the number of states in the HMMs greatly
affects the recognition accuracy. Having very few states
per HMM (5 or 10) leads to poor accuracies and so
does having too many states per HMM. This trend
seems to hold irrespective of the feature used. To
better understand the reason behind this, we analyze
the accuracies for individual gestures for the case of
HOG features and 25 HMM states. Fig. 2 shows the
results. The x-axis corresponds to the gesture numbers
as given in Table I. The bar plot corresponds to the
recognition accuracy for the specific gestures. The red
plot shows the average lengths, in number of frames,
of each gesture and their standard deviations. This
is superimposed with the black plot corresponding to
the number of states ie. 25. The lowest recognition
accuracies are obtained for gestures 2, 3, 4, 12 and 13.
These gestures can be seen to have the lowest average

2181

Fig. 3.

Effect of varying number of mixture components

lengths, with values lower than 25. This implies that
there are a considerable number of training instances
of these gestures that are smaller than 25 frames and
cannot be used for training an HMM with 25 states.
This loss of training data leads to a sharp drop in
accuracy. On the other hand, the accuracies also drop
for gestures 6, 7 and 16, 17. These gestures have the
highest average lengths, well over 25 frames. This
shows that an HMM with 25 states is not sufficient to
model the temporal variability of these gestures. Thus,
there is a trade off involved while selecting the number
of HMM states. Fig. 1 suggests that using 20 or 25
states for the HMM gives the best accuracies. We fix
the number of HMM states to 20 for the rest of the
experiments.
2) Number of mixture components: We vary the number of Gaussian mixture components per state of the
HMM, keeping the number of states fixed at 20. The
number of mixture components compared are 1,2,4

TABLE II
AVERAGE R ECOGNITION ACCURACIES (%) AND THEIR STANDARD

and 8. Fig. 3 shows the plot of recognition accuracy
vs number of mixture components. We can see that
the number of mixture components does not greatly
affect the recognition accuracy. However, having a
greater number of mixture components slows down
the training and classification process which would be
detrimental to a real-time gesture interface. Thus, we
fix the number of mixture components to 2 for the rest
of the experiments.

DEVIATIONS

Modality

Features
Depth

Grayscale

Both

HOG

41.51 ± 11.56

18.02 ± 7.22

38.27 ± 11.83

CNN

46.48 ± 10.31

39.14 ± 10.09

54.76 ± 12.7

B. Comparison of features and modalities
We note from Fig.1 and Fig.3 that the CNN features
consistently outperform the HOG features as the HMM
hyperparameters are varied. This trend is also observed
across modalities. The first two columns of Table II show
the average recognition accuracies and standard deviations
for the two features extracted from either the depth or the
grayscale frames. In either case, the CNN features considerably outperform the HOG features. We also note that for
either feature, the depth frames lead to better recognition
accuracies than the grayscale frames. A reason for this could
be that the depth frames are invariant under the illumination
changes in the video, unlike the grayscale frames. The drop
in the accuracy from depth to grayscale is much more severe
for the HOG features, than the CNN features, suggesting
that the CNN features could be more robust to illumination
variation. The last column of the table shows accuracies
for feature vectors formed by concatenating both the depth
and grayscale features. For the HOG features, this leads
to a slight drop in accuracy as compared to just using
the depth frames due to the noise introduced by the badly
performing grayscale HOG features. In case of the CNN features, however, using both modalities considerably improves
the accuracy over using only depth or grayscale frames,
suggesting that the two modalities contain complementary
cues for hand gesture recognition.
Figures 4 and 5 show the confusion matrices for the
best performing HMMs trained on HOG and CNN features
respectively. In general, the CNN confusion matrix has much
larger diagonal entries than the HOG confusion matrix, as
well as fewer and smaller off-diagonal entries. This shows
that the CNN features lead to better recognition accuracies
for almost all the hand gestures. We also observe that certain
specific errors made in case of the HOG features are considerably reduced in case of the CNN features. For example,
gestures 1, 2, 3 and 4 are often confused with gestures 8,
9, 10 and 11 respectively in case of HOG features. These
correspond to the swipe and corresponding scroll gestures
as shown in Table I. These gestures are very similar, save
for slight differences in hand posture while performing them.
Similarly, gestures 5 and 6 viz. the ’swipe V’ and ’swipe X’
gestures are confused by the HOG features. Both of these
errors are considerably reduced in case of the CNN features,
suggesting that the CNN better encodes subtle variations in
shape than the HOG features.

Fig. 4.

Confusion matrix for HOG features

Fig. 5.

Confusion matrix for CNN features

C. Reducing overfitting in the HMM:
We work with only the CNN features for the remainder of
this paper, since the previous section shows that they clearly
outperform HOG features in this framework
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1) Dimensionality reduction using PCA: We subject
the feature vectors to dimensionality reduction using
PCA. We vary the number of principal components
retained from 20 to 90 and plot the mean accuracies
for the HMMs trained on them. Fig. 6 shows the
results. We can see that when the number of retained

TABLE III
E FFECT OF DATA AUGMENTATION : AVERAGE R ECOGNITION
ACCURACIES AND THEIR S TANDARD D EVIATIONS

Modality

Without data
augmentation

Fig. 6.

Ordering /
Orientation
transfromation

Affine
transformation

Depth

53.55 ± 12.23

49.03 ± 14.53

55.32 ± 14.13

Grayscale

42.28 ± 10.97

44.37 ± 7.73

46.75 ± 9.44

Both

55.49 ± 12.65

53.52 ± 10.11

55.71 ± 10.40

Effect of varying number of retained principal components

principal components is reduced below 30, the mean
accuracy begins to drop. This could be because we
end up discarding useful information in the feature
vectors. Also, as the number of principal components
is increased beyond 70, we see a drop in accuracy since
the models start to overfit. We obtain the best accuracy
of 55.49% when we retain 40 principal components.
2) Data Augmentation We apply the data augmentation
methods described in section II.D to increase the size
of the training data. The ordering and orientation based
transformations generate three new videos for each
video in the dataset. The affine transforms generate
two translated and two rotated videos for each video
in the dataset. Table III shows the effect of data
augmentation. We consider the effects of the two types
of transformations separately for each modality, with
PCA being applied and the first 40 principal components retained, in each case. We observe that the affine
transformation based data augmentation improves the
recognition accuracies across modalities. The results
are more ambiguous in case of ordering and orientation
based data augmentation. We get the best average
recognition accuracy of 55.71% with the CNN features
using both the depth and grayscale data and affine
transformation based data augmentation.

D. CNN-HMM hybrid:
We use the HMM trained on both depth and grayscale
data, with CNN features and affine transformation based
data augmentation for generating the labels for the CNNHMM hybrid. We use only 10 states per HMM to reduce
the total number of output classes due to the limited size of
the VIVA gesture dataset. We use Viterbi forced alignment
for generating HMM state labels for each frame in the
augmented training data. The labeled data is then used
for training the final layer of the VGG-16 network. Table
IV shows the average recognition accuracy and standard
deviation for the CNN-HMM hybrid system compared with
the best performing HMM using the CNN as a feature
extractor. We get an improvement in recognition accuracy
of about 1.5% with the CNN-HMM hybrid system. This can
be attributed to the discriminative training in the CNN.

TABLE IV
AVERAGE RECOGNITION ACCURACY AND STANDARD DEVIATION FOR
CNN-HMM HYBRID SYSTEM
CNN as feature extractor

CNN-HMM Hybrid

55.71 ± 10.40 %

57.50 ± 13.05 %

IV. C ONCLUSIONS
While the results obtained do not match the best accuracy
of 77.5% reported on the VIVA hand gesture dataset [2], they
do suggest that using HMMs with complex shape descriptors
extracted from each video frame is a viable approach to
modeling dynamic hand gestures. In particular, we showed
that the number of states of the HMM seems to have a
greater effect on how well the HMM models each gesture
than the complexity of the mixture model for each state,
and that features extracted from a trained CNN consistently
outperform HOG features irrespective of whether the input is
depth or visual data. Using PCA for dimensionality reduction
and affine transformation based data augmentation methods
improve the HMM performance by reducing overfitting.
Finally, we showed that using the CNN-HMM hybrid system
leads to further improvement in recognition accuracy as
compared to using the CNN as just a feature extractor.
This approach would be worth further exploration, especially since HMMs do not require prior knowledge of
the gesture boundaries, and can be run online as in continuous speech recognition. This alleviates the need for
batch processing of the gestures as in [1], [2]. Future work
could be targeted toward exploring a good gesture set for
this framework. In particular compound gestures which are
combinations of well defined smaller movements could be
considered. These smaller movements could be modeled
by HMMs which can then be concatenated to model the
gesture. Another possible direction would be to explore the
framework on a larger dataset, with greater time resolution,
allowing us to model the gestures using a greater number of
HMM states
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