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1. BASELINE EVALUATION RESULTS

We extracted 13-dimensional (13-d) MFCC features in the pre-
liminary evaluation for capturing the distinct characteristics of
different transportation modes. To improve the detection accura-
cy and robustness, parameter tuning of these features was per-
formed and extracted features were then processed by applying
normalization. For modeling the feature vectors using a classifier
and performing transportation mode classification, we adhered to
a standard SVM-based method. The confusion matrices calculat-
ed using MFCC features for module 1 and 2 are presented in
Table 1 and 2 respectively. Values given in the matrices denote
the percentage of classified test instances.

Table 1: Confusion matrix using MFCC features (module 1).

Table 3: Confusion matrix using WPT features (module 1).

Transportation Airplane On-Road Train
Mode/ Transporta-

tion Mode

Airplane 100 0 0
On-Road 0 100 0
Train 0 0 100

Table 4: Confusion matrix using WPT features (module 2).

Transportation Auto- Bus Car Pedestrian
Mode/ Transporta- | Rickshaw

tion Mode

Auto-Rickshaw 92.76 6.58 0.66 0

Bus 3.95 94.08 1.97 0

Car 1.32 1.32 97.37 0
Pedestrian 0 0 0 100

Transportation Airplane On-Road Train
Mode/ Transporta-

tion Mode

Airplane 98.25 1.75 0
On-Road 1.75 91.23 7.02
Train 4.39 5.26 90.35

Table 2: Confusion matrix using MFCC features (module 2).

Transportation Auto- Bus Car Pedestrian
Mode/ Transpor- | Rickshaw

tation Mode

Auto-Rickshaw 81.58 10.53 7.24 0.66

Bus 18.42 75 5.92 0.66

Car 7.24 4.61 86.18 1.97
Pedestrian 3.29 0.66 1.32 94.74

2. WAVELET PACKET TRANSFORM (WPT)
FEATURES

We decomposed the wavelet packet tree down to different levels
to derive an effective feature set. From the wavelet packets, which
are the last level nodes of the full tree of subspaces generated
without node selection, we computed log root mean square fea-
tures. The confusion matrices calculated using WPT for module 1
and 2 are presented in Table 3 and 4 respectively. Values given in
the matrices denote the percentage of classified test instances.

It is apparent from the matrices that some confusions still remain
between ‘auto-rickshaw,” ‘bus,” and ‘car’ transportation modes,
owing to the resemblance in the acoustic signature of these cate-
gories. However, because of the open recording environment and
absence of vehicle-specific noise, the ‘pedestrian’ transportation
mode is recognized with 100% accuracy on using WPT.

3. IMPROVEMENT WITH DEEP LEARNING

To determine the robustness and effectiveness of the proposed
deep learning based technique, we tested it on two datasets:
‘Normal Dataset” and ‘Noisy Dataset.” The results of the evalua-
tion are given in the following sub-sections:

3.1.1. Testing on Normal Dataset

To analyze the evaluation results on the normal dataset in detail,
the confusion matrices calculated using DNN for module 1 and 2
are presented in Table 5 and 6 respectively. Values given in the
matrices denote the percentage of classified test instances.

Table 5: Confusion matrix using Deep Learning (module 1).

Transportation Airplane On-Road Train
Mode/ Transporta-

tion Mode

Airplane 100 0 0
On-Road 0 100 0
Train 0 0 100




Table 6: Confusion matrix using Deep Learning (module 2).

Transportation Auto- Bus Car Pedestrian
Mode/ Transporta- | Rickshaw

tion Mode

Auto-Rickshaw 95.4 2.63 1.97 0

Bus 7.24 92.76 0 0

Car 0.66 0.66 98.02 0.66
Pedestrian 0 0 0.66 99.34

The predictions given in Table 6 show that in several cases, the
‘bus’ mode is wrongly predicted as ‘auto-rickshaw’ and vice
versa, because of the similar acoustic signature of these modes
(owing to the similar kind of movement of these public transports
on the city roads).

3.1.2. Testing on Noisy Dataset

Afterward evaluating the proposed methods on the normal da-
taset, we evaluated them on the noisy dataset to validate their
robustness and effectiveness. By varying the training set, two
sorts of evaluations were carried out on this dataset: (1) classifi-
cation model trained using the normal dataset, (2) classification
model trained using the noisy dataset. Regarding the evaluation
(1), testing using the noisy dataset yielded a bit lower classifica-
tion accuracy of 88.10% (WPT) vs. 96.03% (DNN) for module 1,
and 83.04% (WPT) vs. 91.67% (DNN) for module 2. In the eval-
uation (2), when the classification model was trained using the
noisy dataset, testing on the noisy dataset provided a better
classification accuracy of 97.62% (WPT) vs. 97.62% (DNN) for
module 1, and 92.86% (WPT) vs. 93.75% (DNN) for module 2.
The results are shown in Table 7.

Table 7: Testing on Noisy Dataset - Classification accuracy (in %).

accuracy slightly decreases in the presence of unwanted noise
signals. However, in the ‘pedestrian’ mode, speech or other un-
wanted noises have no effect on the mode detection accuracy, due
to the open recording environment.

Furthermore, it was observed that the proposed deep learn-
ing based approach has more generalization power than the best
performing hand-engineered feature set (WPT). It is so because
even when the classification model is trained on a different da-
taset, testing on the noisy dataset gives far better results when
DNN is used instead of WPT features, which demonstrates the
effectiveness of the proposed DNN based approach.

4. PERFORMANCE COMPARISON WITH OTHER
APPROACHES

An identical dataset to the proposed one could not be established
in the literature; therefore our work cannot be directly compared
with the previous ones. However, to highlight the detection accu-
racy achieved by the approaches based on the use of other
smartphone sensors, we have added some quantitative results and
compared our proposed work with few other approaches. A brief
description of those studies and their comparison with the pro-
posed work is provided in the Table 8.

Table 8: Transportation mode detection on mobile phones.

Author Classes Sensors Detection
[Reference] Accuracy
Assemi et al. |Walk/run, bicycle, |GPS logs 97%
[1] car, bus, train, plane
Hemminki et (Stationary, Walk, Accelerometer 84.9%
al. [2] Bus, Train, Metro,
Tram, Car
Reddy et al.  |Stationary, walking, [Accelerometer, 93.6%
[3] running, biking, GPS

motorized transport

Shin et al. [4] |Walk, train/tram, Accelerometer,  |82%
car, bus GSM

Fang et al. [5] [Still, walking, run-  |Accelerometer,  [95%
ning, biking, vehicle |magnetometer,
gyroscope

Model trained using Model trained using
normal dataset noisy dataset
Mod-
ule/ Transpor- Hand- Hand-
tation engineere engineere
Sce-
nario Mode d features Legfsﬁ] d features Legfr?ip N
(WPT + 9 | (wpT+ g
SVM) SVM)
Airplane 96.43 98.81 100 100
Mod- On-Road 71.43 92.86 96.43 96.43
ule 1 Train 96.43 96.43 96.43 96.43
Overall 88.10 96.03 97.62 97.62
Auto-
Rickshaw 88.10 86.90 89.29 92.86
Mod Bus 82.14 91.67 89.29 85.71
ulg 2_ Car 83.33 96.43 92.86 96.43
Pedestii- | 78,57 91.67 100 100
Overall 83.04 91.67 92.86 93.75

From the rightmost column of the Table, it is evident that in
the ‘airplane’ mode, there is no effect of speech noise on the
mode detection accuracy due to the loud engine and air turbu-
lence noise. Whereas, in ‘train’ and ‘on-road’ transportation
modes, detection accuracy slightly decreases when speech or
other unwanted noises are present. Further, for the four sub-
classes of ‘on-road’ transportation mode, it was observed that
while commuting in ‘auto-rickshaw,” ‘bus,” or ‘car,” detection

Garg et al. [6] [Bus, car, bike, auto- |Accelerometer, 92.88%
rickshaw gyroscope, GPS,
orientation, light,
magnetometer,
microphone
Singlaetal. |Boarding and de- Barometer 83.33%
[7] boarding in cabs
Proposed Module 1: Microphone Module 1:
\Work Airplane, On-Road, 100%
Train. (standard dataset),
Module 2: 97.62%
Four sub-categories (noisy dataset).
of On-Road, i.e., Module 2:
Auto-rickshaw, Bus, 96.38%
Car, Pedestrian. (standard dataset),
93.75%
(noisy dataset).
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