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Abstract. Real-time and fine-grained rain information is crucial not
only for climate research, weather prediction, water resources manage-
ment, agricultural production, urban planning and natural disasters
monitoring, but also for applications in our daily lives. However, because
of the lack of rain detection systems and the high variable attribute of
rain, both in time and space, the rain detection today is still not pre-
cise enough. In such context, we propose and implement Tefnut (Tefnut
is the rain deity in Ancient Egyptian religion.), a novel system that
exploits opportunistically crowdsourced in-vehicle audio clips from an
alternative, nowadays omnipresent source, smartphones, to achieve pre-
cise detection of rain leveraging a supervised recognizer constructed from
a series of refined features. We conduct extensive experiments, and eval-
uation results demonstrate that Tefnut can detect the rain with 96.0 %
true positive rate, when deciding with a one-second-long in-vehicle audio
segment only.

Keywords: Rain detection · Supervised classification · Signal
processing · Smartphone

1 Introduction

According to the information released by the United Nations Office for Disas-
ter Risk Reduction [1], developing countries lack rain detection systems, making
them more vulnerable to natural disasters, such as flood, erosion, waterlogging,
landslide and debris flow, caused by extreme rain events. Depending on sophis-
ticated and expensive equipments and infrastructures, developed countries can
achieve reliable daily and city-wide rain detection. However, rain has high vari-
ability, both in time and space, that is to say, the rain may start suddenly, only
last for a very short period of time and then stop unexpectedly or within a
very small area, the weather conditions may be totally different, in other words,
it may be raining on one side, but it is completely sunny on the other side,
which is not far away. But on the one hand, even in developed countries, the
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rain detection systems are sparsely deployed and can not cover all areas. On
the other hand, for most of the cities all over the world, these rain detection
equipments and infrastructures are placed far away from the urban centers to
avoid the interferences from human activities and only periodically record the
rain data. These two situations mentioned above both aggravate the inaccuracy
of rain detection. To illustrate that precise rain information also plays an impor-
tant role in our daily lives, we just provide the following one scenario here, due
to the page limitation.

Mr. A likes running. He plans to run to a park several kilometers away
this morning. He wants to know whether it is raining there. Because if it is
raining, he can change into waterproof shoes and clothes or will not go there.
But the rain informations released by all weather apps nowadays are not accurate
enough, both with respect to temporal and spatial resolution. The precise rain
informations crowdsourced and shared by people whose vehicles are near the
park utilizing Tefnut can help him.

Nowadays, smartphones are becoming more and more ubiquitous in our daily
lives, which not only just serve as communication devices, but also are equipped
with abundant advanced built-in sensors. The development of smartphones stim-
ulates the blooming of mobile sensing researches, such as healthcare [3,31], local-
ization [8,13,20,29], safety [12,16,26,27], human computer interaction [30] and
makes our lives more efficient [21,25,28], more intelligent [4,10,22] and more
enjoyable [5,9]. However, little attention has been paid to the field of rain detec-
tion. In this paper, we explore this area, propose, implement and evaluate Tefnut,
which is, to the best of our knowledge, the first rain detection system exploit-
ing opportunistically crowdsourced audio clips from smartphones in vehicles, in
both industrial and academic communities.

2 Related Work

In recent years, several other kinds of rain detection systems are proposed. Alla-
mano et al. [2], Roser et al. [19], Gormer et al. [6] and Nashashibi et al. [15]
employ images for rain detection. In some literature, Grimes et al. [7] and War-
dah et al. [24] leverage satellites and Leijnse et al. [11], Messer et al. [14], Overeem
et al. [17], Zinevich et al. [32] and Rayitsfeld et al. [18] exploit microwave links
for rain detection.

3 System Design and Implementation

3.1 System Overview

In this part, we provide the system overview of Tefnut (Fig. 1). At the very
beginning, Tefnut recognizes the in-vehicle environment adopting the EEMSS
proposed in [23]. The microphone will be turned on if and only if the user is in
the vehicle.
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Fig. 1. System overview of Tefnut.

The first step is the acquisition of raw in-vehicle audio clips from smartphone.
Then Tefnut divides these audio clips into segments, as presented in Sect. 3.2.
In the third step, Tefnut computes several segment-level features in power spec-
trum, which contain important cues for distinguishing segments generated in
rainy and sunny days in vehicles, as reported in Sect. 3.3. In order to study and
depict the characteristics of these two kinds of segments more subtly, and then
ultimately recognize the segments generated in rainy days in vehicles, Tefnut
divides every segment into frames in the fourth step, as given in Sect. 3.4. Based
on every frame, Tefnut extracts a series of frame-level features in frequency spec-
trum and time domain, which are economical but effective, as demonstrated in
Sect. 3.5. Then Tefnut accumulates features extracted from different but contin-
uous frames within every segment, as described in Sect. 3.6. In the seventh step,
Tefnut conducts the dimension reduction, as outlined in Sect. 3.7. Finally, Tefnut
constructs a recognizer, which outputs the recognition results, namely, rainy or
sunny day.

3.2 Divide Audio Clips into Segments

The raw audio segments acquisition algorithm we utilized in Tefnut is based on
End-Points Detection and Sliding Windows, which are two of the most popular
segmentation methodologies. The length of every segment is 1 s in this paper.

3.3 Segment-Level Feature Extraction

In this part, we introduce the features which are selected to detect the rain.
These features are all calculated in power spectrum of every segment.
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Root Mean Squared Error-Low. This feature measures the smooth degree
of power spectrum curve in low frequency part (i.e., less than 7500 Hz). The
RMSE-L of segment Si is calculated as1:

RMSE-Li =

√
√
√
√
√

1
nlpi

nlpi∑

j=1

(apij − ãpij)2

where nlpi indicates the total number of low frequency components in the power
spectrum of segment Si. a

p
ij indicates the amplitude of the j-th frequency com-

ponent of segment Si and ãpij indicates the predicted amplitude of the j-th
frequency component calculated by carrying out linear fitting of the power spec-
trum curve of segment Si.

Amplitude of Middle Frequency. This feature stands for the amplitude of
7500 Hz in the power spectrum of segment Si.

Amplitude of Cut-Off Frequency. This feature denotes the amplitude of
15000 Hz in the power spectrum of segment Si.

Min., Med., Avg. and Var. Amplitude. These features focus on the basic
shape of the power spectrum curve.

Energy-Low. This feature pays attention to the signal energy in low frequency
part. The E-L of segment Si is calculated as:

E-Li =
nlpi∑

j=1

apij

Spectral Similarity. This feature describes the similarity degree between power
spectrum curves in low and high frequency parts. The SS of segment Si is cal-
culated as:

SSi =
1
nlpi

nlpi∑

j=1

|âpij − âpi(nli+j)|

where âpij indicates the modified amplitude of the j-th frequency component
calculated by aligning power spectrum curves in low and high frequency parts
to x-axis respectively, in other words, by subtracting the average value of all
amplitudes in low (high) frequency part from apij if fp

ij is a low (high) frequency
component, which corresponds to apij .

3.4 Divide Segments into Frames

In this part, Tefnut divides every segment into frames, whose lengths are 0.032 s
in this paper, with an overlap of 50 % between consecutive frames, and then
applies Hanning window to every frame to avoid frequency distortion.
1 In this paper, the superscript p, t or f on a variable indicates that this variable is

calculated in power spectrum, time domain or frequency spectrum respectively.
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3.5 Frame-Level Feature Extraction

The following are several features employed to recognize the sounds generated
in rainy days in vehicles, such as raindrops hitting on windows and windshield
wipers pivoting, which are all calculated in time domain or frequency spectrum
of every frame.

Spectral Centroid. This feature characterizes the barycenter of the frequency
spectrum, which is correlated with the perceptual attribute of timbre, i.e., bright-
ness. The SC of frame Fi is calculated as:

SCi =

nf
i∑

j=2

afij log2
ff
ij

1000

nf
i∑

j=2

afij

where nf
i indicates the total number of frequency components and afij indicates

the amplitude of the j-th frequency component ff
ij , in the frequency spectrum

of frame Fi.

Spectral Spread. This feature denotes the shape of the frequency spectrum,
that is to say, whether it is concentrated in the vicinity of its centroid, or spread
out over the frequency spectrum. The SS of frame Fi is calculated as:

SSi =

√
√
√
√
√
√
√
√
√

nf
i∑

j=2

(log2
ff
ij

1000 − SCi)2a
f
ij

nf
i∑

j=2

afij

Spectral Roll-Off. This feature captures the frequency below which 95 % of
the signal energy is contained. The SR-O of frame Fi is calculated as:

SR-Oi = min j′, subject to:

j′
∑

j=1

afij ≥ 0.95
nf
i∑

j=1

afij

Mel Frequency Cepstral Coefficients. These features collectively represent
the shape of the spectrum. To calculate the MFCC of frame Fi, Tefnut firstly
employs the Hamming window to minimize the maximum side lobe. Then, Tefnut
transforms the time domain of frame Fi into frequency domain by performing the
DFT (Discrete Fourier Transform). In the third step, utilizing a set of triangular
filters, Tefnut computes the Mel scale from the frequency components obtained
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above. Finally, Tefnut takes the logarithms of powers at all Mel frequencies and
conducts the DCT (Discrete Cosine Transform) of these logarithm values. The
amplitudes of the output spectrum are the Mel Frequency Cepstral Coefficients.

Avg. Zero-Crossing Rate. This feature counts the average number of occur-
rences that the sampling points of audio signal pass through the zero axis in
time domain within a particular frame. The AZ-CR of frame Fi is calculated as:

AZ-CRi =
1

nt
i − 1

nt
i∑

j=2

[stijs
t
i(j−1) < 0]

where [P ] is the Iverson Bracket, a notation whose numerical value is 1 if the
proposition P within square brackets is satisfied, and 0 otherwise. nt

i indicates
the total number of sampling points in time domain of frame Fi and stij indicates
the j-th sampling point of frame Fi.

3.6 Multiple Frames Accumulation

In this paper, we put forward a novel approach for describing the distributions
of features extracted from different but continuous frames within every segment
based on estimating a GMM (Gaussian Mixture Model), which can also be con-
sidered as a one-state CDHMM (Continuous Density Hidden Markov Model).
Then we employ the parameters of the GMM as new features to conduct the
recognition procedure.

3.7 Dimension Reduction

The segment-level features are 9 dimensions and the features output by GMM
are 72 dimensions. In order to evaluate the sparseness, maximize the synergies
between different features and then reduce the dimension of features, we explore
LDA (Linear Discriminant Analysis) and PCA (Principal Component Analysis).
Ultimately, according to experimental results, we choose the LDA and integrate
it into Tefnut.

4 Evaluation

In this section, we present the results of our experiments. This section consists
of three parts. In the first part, we compare the differences in recognition per-
formance among six common recognizers. Then in the following part, we report
the experimental results of Tefnut employing two kinds of dimension reduction
algorithms. Finally, we demonstrate the time consumption of every step in the
recognition process for every segment.

Our experimental dataset contains 5400 rainy day and 5400 sunny day audio
segments crowdsourced and labeled by our 25 participants in rainy and sunny
days in their vehicles respectively.
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4.1 Recognition Performance of Different Recognizers

In this part, we construct six recognizers based on different recognition algo-
rithms, which are Decision Tree, Random Forest, Naive Bayes, Multi Layer Per-
ceptron, k-Nearest Neighbors and Support Vector Machine respectively. Then we
conduct a series of 10-fold cross-validation experiments on our dataset. Figure 2
presents the confusion matrixes, Fig. 3(a) illustrates the TPR (True Positive
Rate), Fig. 3(b) highlights the FPR (False Positive Rate) and Fig. 4 reports
the time consumption for recognition on our experimental dataset of these six
recognizers.

Fig. 2. Confusion matrixes of different recognizers.

Fig. 3. TPR (a) and FPR (b) of different recognizers. (Color figure online)

We can make two main observations here. Firstly, as presented in Figs. 2 and
3, Multi Layer Perceptron outputs the best recognition performance, namely,
98.8 % TPR, 1.2 % FPR and 131 misrecognition segments, Random Forest
achieves the second best recognition performance, that is, 96.8 % TPR, 3.2 %
FPR and 347 misrecognition segments and Naive Bayes yields the worst recog-
nition performance, namely, 93.1 % TPR, 6.9 % FPR and 750 misrecognition
segments. Secondly, as reported in Fig. 4, we only pay attention to the time
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consumption of the test process, because the training process can be accom-
plished offline. k-Nearest Neighbors is the most time-consuming for testing our
experimental dataset, 10800 labeled rainy day or sunny day in-vehicle audio
segments, which spends 85.69 s. Support Vector Machine is the second most
time-consuming and spends 13.84 s. The Decision Tree and Random Forest can
both complete the whole test process within 0.4 s.

Fig. 4. Total time consumed of different recognizers. (Color figure online)

4.2 Experimental Results

In this part, we construct the recognizer based on Random Forest, in addi-
tion, we exploit Principal Component Analysis and Linear Discriminant Analy-
sis to reduce the dimension of features. Then we conduct a series of 10-fold
cross-validation experiments on our dataset. Figure 5 illustrates the confusion
matrixes, TPR, FPR and feature dimension of these two recognition algorithm
combinations.

Fig. 5. Confusion matrixes, TPR, FPR and feature dimension of RF along with LDA
and PCA.
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We can observe that the combination of Linear Discriminant Analysis and
Random Forest achieves better recognition performance, namely, 96.0 % TPR,
4.0 % FPR and 433 misrecognition segments, which also reduces the features to
1 dimension and the combination of Principal Component Analysis and Random
Forest yields worse recognition performance, that is, 90.0 % TPR, 10.0 % FPR
and 1080 misrecognition segments and reduces the features to 12 dimensions.

4.3 Time Consumption of Every Computational Step

In this part, we conduct the recognition experiment on our dataset for ten times
and compute the average time consumption for every segment, as shown in
Table 1, which is specific to every step. We can observe that Segment-Level
Feature Extraction is the most time-consuming, because we need to calculate the
power spectrum first, and only then can we extract features. For every segment,
the whole recognition process can be accomplished within about 675.93 ms.

Table 1. Time consumption (Avg.±Std.Dev.) of every step in the recognition process
for every segment.

Step Computational Process Time

1-2 Acquisition of Raw In-Vehicle Audio Clips (10.40±0.79)ms

Segmentation of Clips into Segments

3 Segment-Level Feature Extraction (578.29±15.85) ms

4-6 Segmentation of Segments into Frames (46.62±0.74) ms

Frame-Level Feature Extraction

Multiple Frames Accumulation (40.56±1.17) ms

7-8 Dimension Reduction (LDA) Train (0.03±0.01) ms

Test 0.01 ms

Recognition of Rainy Day (RF) Train 0.01 ms

Test 0 ms

Total (675.93±16.20) ms

5 Conclusion

Rain detection with high temporal and spatial resolution is significant not only
for professional researches and decisions-making, but also for applications in our
daily lives. In this paper, we present Tefnut, which is, to the best of our knowl-
edge, the first rain detection system exploiting opportunistically crowdsourced
in-vehicle audio clips from smartphones, in both industrial and academic com-
munities. Tefnut utilizes a supervised recognizer constructed from a series of
refined features. The evaluation results of extensive experiments demonstrate
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that Tefnut can detect the rain with 96.0 % true positive rate, when deciding
with a one-second-long in-vehicle audio segment only.
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