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ABSTRACT
Most automatic speech recognition (ASR) systems incorporate a single source of information about their input, namely,
features and transformations derived from the speech signal.
However, in many applications, e.g., vehicle-based speech
recognition, sensor data and environmental information are
often available to complement audio information. In this paper, we show how these data can be used to improve hybrid
DNN-HMM ASR systems for a vehicle-based speech recognition task. Feature fusion is accomplished by augmenting
acoustic features with additional side information before being presented to the DNN acoustic model. The additional
features are extracted from the vehicle speed, HVAC status,
windshield wiper status, and vehicle type. This supplementary information improves the DNNs ability to discriminate
phonetic events in an environment-aware way without having to make any modification to the DNN training algorithms.
Experimental results show that heterogeneous data are effective irrespective of whether cross-entropy or sequence training is used. For CE training, a WER reduction of 6.3% is
obtained, while sequential training reduces it by 5.5%.
Index Terms— Noise Robustness, Deep Neural Network,
Additional Feature for ASR, Condition-aware DNN
1. INTRODUCTION
Recently, there is a growing demand for distant speech input
for a variety of consumer products [1, 2], such as phone calls,
music and navigation while driving, robotic communication
systems, voice controls of mobile phones, or other portable
devices. However, the noise and reverberations in these environments can dramatically degrade the performance of even
state-of-the-art ASR systems.
To improve ASR robustness, different approaches have
been investigated: Front-end methods include speech signal
pre-processing [3, 4, 5], robust acoustic features [6, 7]; backend methods include model compensation or adaptation [8],
and uncertainty decoding [9] etc.
Recently, deep neural networks (DNNs) have become a
competitive alternative to Gaussian Mixture Models (GMMs)
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[10]. Many researchers have also reported different ways of
using DNNs to generate robust speech features. For example,
[7] investigated the effectiveness of DNNs for detecting articulatory features, which, combined with MFCC features, were
used for robust ASR tasks. Noise-aware training (NAT) was
proposed in [11] to improve noise robustness of DNN-based
ASR systems. It uses a crude estimate of noise obtained by
averaging the first and the last few frames of each utterance as
input to the DNN acoustic model. Similarly, [12] uses speech
separation to obtain a more accurate estimate of noise. In
the above prior work, the additional features are generally derived from the speech signals, and there are limited studies on
utilizing existing environmental information.
In this paper, we investigate the benefit of using features
extracted from available heterogeneous data in addition to the
features derived from speech signals. In many ASR tasks,
e.g., vehicle-based speech recognition and robotic communication systems, various data from the motor sensors, devices
and camera sensor etc., are available, which may provide additional clues for ASR. We propose a DNN-based method to
incorporate such information by augmenting the input speech
features with additional features extracted from the heterogeneous data.
We evaluate this approach using a vehicle-based speech
corpus consisting of 30 hours of data recorded from 113
speakers under a variety of conditions. The heterogeneous
data include vehicle speed, vehicle model, windshield wiper
and fan status, etc., which can be obtained in real time without human supervision. We demonstrate that our proposed
approach successfully integrates these discrete and continuous data, and that these data are helpful in improving the
robustness of the ASR system. Our experiments show that
the additional features can lead up to 6.3% WER reduction in
cross entropy training and 5.5% in sequence training, compared to the baseline DNN-HMM hybrid systems.
The remainder of the paper is organized as follows. Section 2 describes our proposed Heterogeneous DNN system.
Section 3 introduces the dataset. Section 4 provides the experiments and results. Finally conclusions are drawn in Section
5.
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2. SYSTEM DESCRIPTION
A DNN is a multi-layer perceptron with many hidden layers
between its inputs and outputs. In a modern DNN hidden
Markov model (HMM) hybrid system, the DNN is trained to
provide posterior probability estimates for the HMM states.
Starting with a visible input x, each hidden layer models the
posterior probabilities of a set of binary hidden variables h
given the input visible variables v, while the output layer
models the class posterior probabilities.
The networks are trained by optimizing a given training
objective function using the error back-propagation procedure. For the DNNs in this work, we use two different loss objectives. One is Cross Entropy (CE), which minimizes frame
error. The other one is sequence-discriminative training using state-level minimum Bayes risk (sMBR) criterion, which
minimizes expected sentence error.
2.1. Speech Features
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Table 1. List of available heterogeneous data
mapped to binaries of 0/1. Therefore, speed is normalized
globally to zero mean, unit variance. AC fan status and wiper
status are mapped to binary values. Vehicle types are mapped
to five distinct values according to the size of the vehicle
model, and further normalized globally to zero mean, unit
variance.
These extracted additional features are concatenated with
the spliced corresponding speech features. We append individual, combinations of two, three and all four additional features to the speech features to test the effectiveness of these
different additional features.
2.3. DNN with Heterogeneous Data
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Figure 1: Generation of our baseline/Type I features
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3.4. Type-IV features
The Type-IV features (Figure 3) consist of our baseline 40dimensional speaker adapted features that have been spliced
again, followed by de-correlation and dimensionality reduction

Figure 2 gives a diagram of our DNN framework that incorporates additional features. The speech features are derived from speech signals, while the additional features are
provided by various sources of sensor information, e.g., camera sensor, motion sensor, speed sensor, fan power etc. As
discussed in Section 2.2, in our Ford experiment, these additional features include vehicle speed, HVAC fan status, windshield wiper status, and vehicle type. Thus, the DNN’s input
is a super vector with the additional features appended to the
speech features. At time t, the input
v0t = [xt−τ , ..., xt−1 , xt , xt+1 , ..., xt+τ , ct ].

(1)

Each observation is propagated forward through the network,
starting with the lowest layer v0 . The output variables of each
layer become the input variables of the next layer. In the final layer, the class posterior probabilities are computed using
a softmax layer. Specifically, instead of 440 MFCC-LDAMLLT-fMLLR speech features, the DNN input layer has 440
speech features and n-dimensional additional features c as input, where n is the number of additional features used. During
training and testing, these additional features are extracted at
frame level from the parallel heterogeneous data provided by
the vehicles.
3. DATASET
The speech corpus used for our experiments is a 30-hour
2k-vocabulary dataset collected by Ford Motor Company
in actual driving, reverberant and noisy environments. The
utterances were recorded in vehicles of varying body styles
(e.g., small, medium, large car, SUV, pick-up truck) with
talkers (drivers) of varying gender, age and dialects, under
different ambient noise conditions (blower on/off, road surface rough/smooth, vehicle speed 0-65 MPH, windshield
wipers on/off, vehicle windows open/closed, etc.). For our
experiments, the data were randomly partitioned into three
sets with non-overlapping speakers. The training set contains
17,183 utterances from 90 speakers, the development set contains 2,773 utterances from 14 speakers, and the evaluation
set contains 1,763 utterances from 9 speakers. The OOV
rate is 5.03%. Aside from the speakers, all other recording
conditions are found in all three data sets.

GMM-HMM system is then used to generate fMLLR feature
transforms for training and test speakers. The features for
both the training and test speakers are then transformed using
these fMLLR transforms. The resulting transformed features
are input to the neural net. We use the Kaldi toolkit for these
experiments [16].
For decoding, a trigram language model with modified
Good-Turing smoothing was used. The trigram language
model was generated from the 27-hour training data using
the sriLM toolkit [17]. The perplexity of the trigram search
LM on the Ford development text is 14. Given that we have a
small vocabulary task, experiments show that results using a
quadgram LM do not differ much with that of a trigram LM.
Therefore, trigram LM is used for all following experiments.
The DNN baseline is trained on the fMLLR transformed
MFCC-LDA-MLLT features, except that the features are
globally normalized to have zero mean and unit variance.
The fMLLR transforms are the same as those estimated for
the GMM-HMM system during training and testing. The
network has 4 hidden layers, where each hidden layer has
1024 units; the DNN has 3158 output units. The input to the
network consists of 11 stacked frames (5 frames on each side
of the current frame). We perform pre-training using one-step
contrastive divergence [18], whereby each layer is learned
one at a time, with subsequent layers being stacked on top of
the pre-trained lower layers.
For the DNNs in this work, we use two different loss objectives. First we train the 4-layer DNN using back propagation with Cross Entropy (CE) as the objective function. After calculating the gradients for this loss objectives, stochastic
gradient descent (SGD) [19] is used to update the network parameters. For SGD, we used minibatches of 256 frames, and
an exponentially decaying schedule that starts with an initial
learning rate of 0.008 and halves the rate when the improvement in frame accuracy on a cross-validation set between two
successive epochs falls below 0.5%. The optimization terminated when the frame accuracy increased by less than 0.1%.
Cross-validation is done on a set of 180 utterances that are
held out from the training data. The word error rate on the
Ford evaluation set is shown in Table 2 as DNN-CE.
Baseline systems
DNN-CE
DNN-sequence

4. EXPERIMENTS

WER
7.04%
6.53%

4.1. Speech-based DNN-HMMs

Table 2. WER of baseline systems using CE training, followed by sequence training.

For the baseline speech-only system, we first flat-start trained
26 context-independent monophone acoustic models using
MFCC features, then used these models to bootstrap the
training of a context-dependent triphone GMM-HMM system. The triphone GMM-HMM system is then retrained
by MFCC-LDA-MLLT features. The resulting models contain 3,158 tied triphone states, and 90K Gaussians. This

The resulting DNN is then used for sequence training.
We use state-level minimum Bayes risk (sMBR) criterion for
the sequence-discriminative training. After calculating the
gradients for this loss objectives, SGD is used to update the
network parameters. The SGD back propagation parameters
are the same as with the DNN-CE baseline. The word error
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rate on the Ford evaluation set is shown in Table 2 as DNNsequence.
4.2. Heterogeneous DNN-HMMs
In this section we present experimental results of the proposed Heterogeneous DNN-HMM system. We train DNNs
augmented with different combinations of the additional features. For each distinct additional feature combination, we
train a separate DNN. The network configurations and training/decoding procedures remain the same as in Section 4.1.
In order to compare the effect of different additional features, Table 3 provides the WER of the DNN-CE system using
different additional feature combinations. Our experiments
show that systems with all different additional feature combinations improved the WERs. Here we only list the result of
seven good feature combination candidates in Table 3. Speed
gives the lowest WER among the individual additional features. This might be related to the fact that speed is a dominant contributor of the noise. With more additional features
included, the WER continues to drop. The complete additional feature set of using speed, ac fan, wiper status and vehicle type gives the lowest WER among all additional feature
combinations. This demonstrates that having this information
is helpful for noise robustness.
Additional Features (AFs)
+ speed
+ ac fan
+ wiper
+ vehicle
+ speed, ac fan
+ speed, ac fan, wiper
+ speed, ac fan, wiper, vehicle

WER
6.71%
6.72%
6.81%
6.89%
6.63%
6.61%
6.60%

DNN-CE
DNN-sequence

without AFs
7.04%
6.53%

with AFs
6.60%
6.17%

WERR
6.3%
5.5%

Table 4. WER comparison of with v.s. without the additional
features, and the Word error reduction rate (WERR).
outperform the SNRs computed from the the speech signals
in both CE and sequence training cases. This indicates that
the heterogeneous data contain richer information about the
environment than the SNRs computed from the speech signals. These additional features are better alternatives to SNR
to do noise-adaptive training or environment-aware training.
Moreover, the additional features and SNRs are not exclusive.
Maybe using them jointly will lead to a better adaptation scenario.

DNN-CE
DNN-sequence

with AFs
6.60%
6.17%

with SNR
6.91%
6.51%

Table 5. WER comparison of using additional features v.s.
using SNRs

5. CONCLUSION

Table 3. WER of the DNN-CE system with different additional features.
Table 4 compares the performance of the baseline systems against our systems with additional features. The additional features used here are c = (speed, ac fan, wiper,
vehicle). We compare the WER with and without the additional features. We can see that, compared to the the DNN-CE
baseline, WER is reduced by 6.3%. Compared to the DNNsequence baseline, WER is reduced by 5.5%. The absolute
gain doesn’t seem to be huge due to our comparatively small
baseline WER, but the 6.3% comparative gain suggests that if
this approach is used on a larger-vocabulary task, the absolute
gain might be more substantial.
To further demonstrate the effectiveness of the heterogeneous data, in Table 5 we provide the noise-adaptive training (NAT) results using signal-to-noise ratios (SNRs) derived
from speech signals. SNRs are computed using the NIST metric. The results demonstrate that additional features we use

We have shown that DNNs can adapt to environment characteristics if we augment standard acoustic features by appending features from heterogeneous data. It learns useful relationship between these heterogeneous data and noisy speech
features, which enable the model to generate more accurate
posterior probabilities. This was motivated by the success of
noise-aware training where SNRs have been found to be useful for noise robustness because it can serve to characterize
the noise level.
Our experiments demonstrate that WER can be reduced
by 6.3% with the additional features compared to the baseline
DNN-HMM hybrid system. Moreover, this outperforms the
improvement brought by noise-aware training using SNRs by
a large margin. This indicates that the heterogeneous data
contain richer information about the environment than the
SNRs. If other heterogeneous data and representations contain similar information about the environment, they can possibly also be used to do environment-adaptation of DNNHMM system in the same way for better noise robustness.
This framework can also be generalized to incorporate
other features, both continuous and discrete, for various robust ASR tasks. For example, visual information, acoustic
sensor data and machine status can be explored using this approach. Moreover, different DNN structures can also be investigated, by feeding the additional features at different layer
levels into the network.
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