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Abstract —In this paper, we propose a novel ensembled-

learning architecture incorporating a hybrid multi-stage 

concatenation of the deep Convolutional Neural Network (CNN) 

model and the Light Gradient-Boosting-Machine (LGBM) 

model for the task of signal classification. It is well known that 

CNN is capable of learning discriminant features in various 

domains of signal representations. On the other hand, the 

LGBM model possess notable advantages such as the feasibility 

of parallel implementations and the potential of achieving 

comparable accuracies over various benchmark datasets. For the 

purpose of leveraging the advantages of both frameworks, we 

propose three steps to construct the proposed architecture. First, 

a Mel spectrogram is constructed as a two-dimensional (2-D) 

three-channel image and employed at the input to a CNN model 

featuring the squeeze-and-excitation (SE) attention mechanism 

(i.e., SeResNet) to derive the one-dimensional (1-D) deep 

feature of the raw signal from the final convolution layer. 

Secondly, we directly extract a number of 1-D statistical 

features based on the prior expert knowledge from the source 

domain of acoustics. Finally, the learned deep features and the 

extracted statistical features are fused and concatenated to form 

an input vector for the LGBM model to further improve 

classification accuracies. The proposed architecture is 

experimented on the Google Speech Commands Dataset and the 

Urbansound8K Dataset. Numerical results show that the 

proposed approach achieves the state-of-the-art accuracies and 

shows non-negligible performance gains over the standalone 

schemes.  
 
Index Terms—Sound classification, ensembled learning, 

feature fusion, LGBM, convolutional neural networks 

 

I. INTRODUCTION 

With the prevalence of big-data analytics and artificial 

intelligence (AI), the acoustic signal classification (ASC) 

technology has made remarkable breakthroughs in both 

theories and applications. It has been gradually integrated 

into our daily lives and used in a number of fields, 

including speech recognition [1], home automation [2], 

scene analysis dictator [3], [4], and machine hearing [5], 

to name a few.  

As a cross-disciplinary area, the development of ASC 

involves researches on digital signal processing (DSP), 

linguistics, statistics, acoustics, etc. From the perspective 

of analyzing the received signals, the related algorithms 
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can be divided into three categories: 1) model-matching 

methods, including vector quantization (VQ) [6] and 

dynamic time warping (DTW) [7]. Sandi [8] proposed to 

use frequency cepstral coefficients and the learning 

vector quantization method to optimize a human voice 

recognition system. Ismail [9] constructed a framework 

based on the Support Vector Machine (SVM) algorithm 

with DTW pre-processing to enhance the speech-

recognition capabilities. 2) probabilistic statistical 

methods, including the Gaussian Mixture Model (GMM) 

[10] and the Hidden Markov Model (HMM) [11]. In [12], 

Tokuda proposed a synthesis parameter generation 

algorithm that accurately reproduces the formant 

structure of multi-mixture HMMs and single-mixture 

HMMs. 3) discriminator-based classification models, 

such as various machine-learning models, e.g., SVM, 

Random Forest (RF), Light Gradient-Boosting-Machine 

(LGBM), and Deep Neural Networks (DNN). In [13], 

Campbell proposed two SVM kernels based on the 

distance measurement between GMM models and 

achieves an impressive accuracy in speech recognition. 

Shahamiri [14] proposed an end-to-end deep learning-

based dysarthric automatic recognition system. In [15] 

[16], a general pattern-recognition framework covering 

the integration of signal pre-processing, feature extraction, 

and pattern matching modules, is proposed for the ASC 

task. Specifically, it is proved that the extensive use of 

data augmentation techniques effectively alleviates 

overfitting on small datasets and is conducive to the 

robustness of the trained model [17] [18]. Typically, 

audio signals are characterized by Mel-Frequency 

Cepstral Coefficients (MFCC) or the Mel spectrogram, 

the parameters of which have well-defined physical 

interpretations. These hand-crafted features require high-

level expertise in acoustics and are shown to have a 

significant impact on the system performance [19], [20]. 

Nowadays, deep-learning algorithms have brought about 

fundamental changes in varieties of classification tasks. 

In [21], Song proposed a speech recognition algorithm 

based on deep convolutional neural networks (CNN). 

Santhanavijayan [22] provided a semantic-aware strategy 

for automatic speech recognition incorporating deep-

learning models. A comprehensive survey in this aspect 

can be found in [23]. In general, hierarchical features 

learned from various levels of convolution layers 

manifest robustness over manually selected or hand-
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crafted features. However, the performance of deep-

learning algorithms heavily depends on the availability of 

sufficient training data and inevitably suffers when the 

probability distributions of training data and real data 

diverse significantly.  

In this paper, we seek to leverage the advantages of 

both tree-based machine-learning classifiers and deep-

learning models, and propose an ensembled-learning 

architecture to extract and fuse multi-level hierarchical 

features from input signals. Firstly, we generate the Mel 

spectrogram to convert the raw audio clip into a 

frequency-domain representation and form a three-

channel two-dimensional (2-D) image. Secondly, we 

propose to use the SeResNet model [24] as a backbone 

feature extractor to derive a one-dimensional (1-D) 

numerical vector corresponding to each signal from the 

final deep convolution layer. Lastly, the prior domain-

specific knowledge on acoustics is applied to obtain the 

statistical characteristics to enhance the discriminant 

capacities. Moreover, the statistical characteristics and 

the deep network representation are fused via 

concatenations and used as the input to the LGBM model, 

which delivers the final classification results.  

The rest of the paper is organized as follows: In 

Section II, the proposed architecture based on the 

concatenation of the trained SeResNet model and the 

LGBM model is described. In Section III, numerical 

results on the Google Speech Commands dataset and the 

UrbanSound8K dataset are presented, respectively. In 

Section IV, the conclusion is drawn. 

II. PROPOSED ARCHITECTURE 

In this section, we present our approach to extract the 

Mel-Scale power spectrogram (i.e., Mel spectrogram) and 

statistical characteristics based on the domain knowledge. 

The architectures of two modules, i.e., the attention-based 

SeResNet and the tree-based LGBM model are described 

in details. The flow-chart of the proposed architecture 

incorporating an effective information flow between the 

aforementioned modules is included.  

A. Mel Spectrogram and MFCC 

In acoustics, the Mel-scaled frequency has a non-linear 

relationship with the actual frequency, which corresponds 

to the physiological characteristics of the human ear. The 

equation for converting the ordinary frequency to the Mel 

frequency is given by [25] 

2595*lg(1 )
700

f
m +=                          (1) 

where m represents the Mel frequency, and f represents 

the actual frequency. In ASC tasks, using the Mel 

spectrogram knowledge to pre-process audio clips 

generally results in better results. The Mel spectrogram 

can be obtained through the following four steps: 1) Pre-

emphasis, i.e., filter out low-frequency components in the 

data to make high-frequency characteristics more 

prominent; 2) Frame, i.e., specify a certain number of 

sampling points to be analyzed; 3) Obtain frequency 

components by the Fast Fourier Transform (FFT) 

operation over each short-term analysis window; 4) 

transformation, which obtains the Mel spectrogram by 

passing the results through a bank of Mel filters. For the 

discrete system, the procedure is usually based on the 

ordinals of spectrogram lines. The Fourier spectrogram 

line ordinal can be calculated by [25], 

floor( *( 1) )i il f fr sr= +                    (2) 

where fr is the frame length and sr is the sampling rate. 

Therefore, the Mel filter bank in the frequency domain is 

given as follows [25], 
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where Bk represents the amplitude of the kth spectrogram 

line and i represents the ordinal of the Mel filter. 

 
Fig. 1. The construction of the Mel Spectrogram. (a). waveform of the 

raw signal with sampling rate 16000Hz. (b). pre-processing of the raw 

signal based on framing. (c) FFT of the pre-processed signal. (d) Mel 

Spectrogram. 

In Fig. 1, we show the Mel spectrogram extracted from 

a one-second audio clip. Compared with other frequency-

domain representations such as the FFT as shown in Fig. 

1 (c), the Mel spectrogram is presented as a 2-D heatmap 

that manifests rich information on the relationship 

between frequency and time domains, which, following 

normalization and scaling operations, can be viewed as a 

3-channel image with pixel values ranging from 0 to 255 

and hence can be used as the input to a CNN model. 

B. Statistical Characteristics  

Statistical characteristics are obtained based on the 

prior expert knowledge and provide insights into domain-
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specific representations of raw signals. Researchers [26] 

[27] presents a comprehensive survey of these features, 

which can be effectively treated as complementary 

information as well as to reduce overfitting risks. In 

Table I, we summarize a number of typical statistical 

features, which act partially as the input to the second-

stage LGBM classifier in the proposed architecture. 

Specifically, the MFCC in Table I is a cepstral-analyzing 

parameter that includes a lengthy series of mathematical 

operations involving the discrete cosine transformation 

(DCT) [26], [27], 

1
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where N is the MFCC order and the definitions of other 

parameters can be found therein. Compared with the Mel-

Spectrogram, the MFCC is typically used as a concise 

format to simulate human auditory mechanisms at the 

sacrifice of undermining correlated information 

embedded in signals.    

TABLE I: STATISTICAL CHARACTERISTICS 

 Characteristic Physical Interpretations  

1 Zero crossing rate rate of sign changes 

2 Spectral roll-off frequency below which  

85% of the distribution  

magnitude is concentrated 

3 Spectral centroid the “center of mass” of sound 

4 Spectral contrast highlight the difference 

between the light and dark parts 

of the spectrogram 

5 Spectral bandwidth spectrogram width 

6 MFCC coefficient of each  

Mel filter on the raw signal 

C. SeResNet  

The CNN model is known for the properties of shared 

kernel weights and translation-invariant characteristics. 

The kernel dimension corresponds to the size of the 

convolution window and the number of the output feature 

maps, respectively. A key factor that impacts on the 

performance of the CNN model is the non-linear 

activation function, which usually takes the form of the 

rectified linear unit (RELU) to speed up the convergence 

of the training process. Other important factors include 

batch normalization, which performs the scaling of each 

layer’s output based on the specified mini-batch, the 

pooling operation to enable the model to obtain position 

invariance over local regions, and the dropout operation 

to learn robust features by reducing dependencies 

between nodes. The parameters of each layer are 

progressively adjusted based on the backward-

propagation (BP) algorithm targeted at minimizing a loss 

function.     

Intuitively, the depth of the network can be arbitrarily 

increased in the hope of improving the learning capacity 

of the model. However, the problem of vanishing or 

exploding gradients forms a serious obstacle on resorting 

to simply stacking more layers to achieve an improved 

performance. In [28], the authors addressed the gradient-

degradation problem by introducing a deep residual-

learning block. Instead of enabling stacked layers to 

directly accept an underlying mapping, these layers are 

designed to fit a residual mapping of the input. By 

superimposing identity maps on shallow basic 

convolution blocks, the network can be kept from 

degrading as the depth increases. Meanwhile, the 

objective function approximates the identity mapping, 

which forces the network to learn discriminant features in 

a robust manner. Notably, the ResNet model as shown in 

Fig. 2 introduces the so-called “shortcut connections” 

without needing additional parameters or incurring 

increased computational complexities.  

Denoting the desired underlying mapping as H(x), the 

stacked nonlinear layers are required to fit the mapping of 

F(x) = H(x)−x. The residual blocks of various forms are 

shown by Fig. 3. Suppose the block input is x, the 

mapping F(x) can be given by 

2 1( )F W W x=                             (5) 

where σ represents the nonlinear function. The output y is 

subsequently obtained by the shortcut and the second 

nonlinear function as, 

( ,{ })iy F x W x= +                           (6) 

which can be further extended by imposing the scaling 

operation on the input as, 

( ,{ })i my F x W W x= +                               (7) 
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Fig. 2. A simple ResNet architecture. 
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Fig. 3. Residual blocks in the ResNet model. 
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Fig. 4. The schema of the residual module (left) in the ResNet and the 

SeResNet module (right), respectively. 

Compared with the classical ResNet, the SE-ResNet 

model [29] introduces the squeeze-and-excitation (SE) 

block to the ResNet backbone to force the model to focus 

on the conspicuous parts of the input. The schema of the 

SE-ResNet module is depicted in Fig. 4, which performs 

the following operations,  

1) Squeeze: The input feature map U is squeezed from 

dimension H W into 1 by performing the global average 

pooling (GAP) computation, which generates a statistic 

variable z by, 

1 1

1
( ) ( , )

H W

c sq c c

i j

z F u u i j
H W = =

= =


             (8) 

2) Excitation: A gating mechanism with the sigmoid 

activation is employed to fully capture the inherent 

channel-wise dependencies, based on which the model 

becomes more flexible and is capable of learning a 

nonlinear interaction between various channel 

components. Moreover, the model is able to learn a non-

mutually-exclusive interactions arising from multiple 

channels, which are further allowed to be emphasized 

simultaneously as opposed to taking sequential 

activations.  

3) Scale: The weight of the output is treated as the 

importance of each feature channel. Following that, the 

weight is multiplied with the output of the residual block 

and attached to the derived features per channel. The 

recalibration of the original features on the channel 

dimensions is thus completed. The above-mentioned 

operations empower the SeResNet model to significantly 

enhance feature-learning capabilities in classification 

tasks and grasp hierarchically discriminant attributes at 

various convolution layers. 

D. LGBM Classifier  

Despite the popularity of CNNs in recent years, the 

tree-based machine-learning algorithms have 

indispensable advantages particularly in the cases of 

limited training samples and short training time. The 

Gradient Boosting Machines (GBM) use the 

combinations of weak learners to minimize the loss 

function and adjust parameters by using the gradient 

descent algorithm. In the field of data analytics, there are 

two widely used powerful GBM algorithms: XGBoost 

and LGBM, both of which produces state-of-the-art 

results and performs comparable to CNN models in a 

number of classification and regression tasks. However, 

the XGBoost algorithm converges much slower in that it 

needs to traverse the entire training data multiple times 

for each iteration [30]. By contrast, the LGBM is a light-

weight gradient enhancement framework [31]. It is highly 

distributed in computations and supports parallel learning 

to process large-scale data. Hence, it is efficient in terms 

of training efficiency and memory usages, as a histogram-

based algorithm is used to gather continuous features into 

discrete bins to speed up training. The discrete process is 

illustrated in Fig. 5. 

…
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data
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…
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Fig. 5. LGBM histogram-based computation process. 

...

...

(a) Level-wise tree

(b) Leaf-wise tree  
Fig. 6. Comparison of level-wise and leaf-wise growth. 

The LGBM model grows in a leaf-wise manner to 

achieve maximum splitting gain and reduce training 

losses as shown in Fig. 6. In this paper, we choose to use 

the histogram-based LGBM model and adopt a depth-

limited leaf growth strategy to alleviate the problem of 

excessive memory consumption encountered by the 

XGBoost. 

In Fig. 7, we present the block diagram of the proposed 

multi-stage ensembled-learning architecture. As 

described above, the proposed procedure can be divided 

into three steps: feature extraction stage to prepare 

statistical characteristics and the Mel spectrogram of the 

raw signal; train the SeResNet model to extract features 

from deep convolution layers; and concatenate statistics 

features with deep features to form a comprehensive list 

of inputs to the LGBM classifier. Note that the Mel 

spectrogram is provided as the input to the CNN model 

with inherently embedded time-frequency representations, 
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while the concatenation of domain-specific statistical 

knowledge and deep representations delivered from the 

convolution layers further enriches signal representations 

and alleviates overfitting, which is of vital importance to 

improve discerning capabilities of the proposed 

architecture. In practical implementations, the LGBM 

model is fine-tuned based on the strategy of random 

search via cross-validation (Randomized-Search-CV). 

The proposed framework fully leverages the advantages 

of both machine-learning and deep-learning models to 

gain a non-negligible performance improvement over the 

standalone approach. 

 
Fig. 7. The proposed architecture. 

III. NUMERICAL EXPERIMENTS 

A. Datasets  

We performed numerical experiments on the Google 

speech commands dataset [32], which is typically used 

for benchmarking the performance of various speech 

recognition algorithms. Meanwhile, for the purpose of 

being extended to generalized ASC tasks, we evaluate the 

proposed approach on the UrbanSound8K dataset [33], 

which is widely used for environmental sound 

classification (ESC). Note that unlike speech recognition, 

differentiating between environmental sounds poses a 

greater challenge due to the lack of coherence in data and 

(e.g., sounds arising from air-conditioning versus sounds 

from engine-idling when recorded in a distance) [34].   

The Google speech commands dataset includes more 

than 65,000 one-second utterances of 30 short words by 

various persons, which are mostly recorded via mobile 

phones, i.e., the words “bed”, “bird”, “cat”, “dog”, 

“down”, “eight”, “five”, “four”, “go”, “happy”, “house”, 

“left”, “marvin”, “nine”, “no”, “off”, “on”, “one”, “right”, 

“seven”, “sheila”, “six”, “stop”, “three”, “tree”, “two”, 

“up”, “wow”, “yes”, “zero”. The sampling rate is fixed to 

be 16000 Hz and hence the signal length is 16000. Fig. 8 

shows signal waveforms corresponding to certain words. 

Due to inconsistent recording qualities, it is rather 

difficult to categorize certain utterances into classes 

considering vast differences in terms of pitches, 

pronunciations and accents. 

On the other hand, the UrbanSound8K dataset is 

composed of 8,732 excerpts (generally 4 seconds but 

varies in lengths) of urban sounds covering the following 

10 categories: air conditioning, car sirens, children 

playing, dogs barking, drilling, engine idling, gunshots, 

jackhammers, sirens, and street music. The signal has a 

higher sampling rate of 44,100 Hz due to the need to 

detect subtleties between environmental sounds. Fig. 9 

shows the signal waveforms of each class. 

 
Fig. 8. Waveforms of the Google speech command dataset. 

 
Fig. 9.  Examples of UrbanSound8K sound clips 
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B. Experimental Settings & Numerical Results 

For the Google speech commands dataset, we first 

conduct an ablation experiment of classifying 6-class 

signals, i.e., “three”, “tree”, “bird”, “bed”, “on” and “off”. 

Note that differences between certain signals (e.g., words 

“tree” and “three” sound very similar in certain regions of 

the world such as the South East Asia.) are sufficiently 

subtle even for humans to recognize. The training and test 

sets are divided according to the ratio of 80:20. The test 

set is designated to be independent of the model training 

process and used only as a performance indicator. In 

order to objectively evaluate the performance of the 

model on the data that it has not seen, we ensure that the 

validation set and the training set are strictly non-

overlapping with each other.  

 
(a) 

 
(b) 

 
(c) 

Fig. 10. Confusion matrix on the validation data of the 6-class Google 

speech commands dataset. (a) SeResNet. (b) LGBM with fused 

statistical and SeResNet features. (c) LGBM with 3-fold Randomized-

Search optimization. 

To alleviate overfitting risks arising from the small 

amount of training data, we perform extensive data 

augmentations on raw signals including time-shifting, 

Gaussian noise injection, pitch changing, speed tuning 

and dynamic amplitude before forwarding the augmented 

waveforms to generate the frequency-domain Mel 

spectrograms. In Fig. 10, we present the confusion tables 

of the 6-class signals for the standalone trained SeResNet 

model, the LGBM model with the fusion of statistical 

features extracted from raw signals and deep features 

delivered by the SeResNet model, and the optimized 

LGBM model via a 3-fold Randomized-Search procedure. 

Fig. 10 shows that the proposed approach of fusing 

statistical features and CNN features at the input of the 

optimized LGBM classifier yields the highest accuracy of 

96.29% as compared with 96% for the SeResNet model 

and 96.03% for the LGBM model alone, respectively. 

Furthermore, we have achieved the impressive precision 

metric of 100% and the recall metric of 98.2%. Following 

the ablation experiment, we further evaluate the 

performance on the full 30-class dataset. The optimized 

approach obtains the state-of-the-art accuracy of 96.87% 

as compared with 96.15% and 96.33% for the SeResNet 

and the LGBM model, respectively, which are among the 

best published results. 

 
(a) 

 
(b) 

 
                                                      (c)    

Fig. 11. Confusion matrix on the validation data of the 10-class 

UrbanSound8K environmental sound dataset. (a) SeResNet. (b) LGBM 

with fused statistical and SeResNet features. (c) LGBM with 3-fold 

Randomized-Search optimization. 
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In Fig. 11, we present the confusion tables obtained for 

all 10-class UrbanSound8K signals, which provides an 

appealing scenario of generalizing the proposed 

technique to discerning environmental sounds and 

machinery vibration signals. We perform a random split 

of the dataset and allocate 100 samples from each class as 

the validation data with the remaining samples as the 

train data, thus ensuring that there is strictly no overlap 

between train and validation sub-sets. Similarly, 

oversampling is adopted to maintain a balance between 

all classes and extensive data augmentation is conducted 

to reduce dependencies as well. Note that the number of 

the Mel frequencies is set to 128 and the number of 

MFCC is 40 to provide a high resolution over low-

frequency region. Fig. 11 shows that the LGBM classifier 

with the derived deep features from the SeResNet 

achieves the best accuracy of 96.7%, which performs 

better than 96% based on the standalone SeResNet model.       

IV. CONCLUSION 

This paper proposed a hybrid concatenated architecture 

that consists of the LGBM and the deep CNN model. The 

SeResNet model with the channelwise attention 

mechanism, which accepts the 3-channel Mel 

spectrogram as the input, is used to deliver deep 

convolutional features, which are subsequently fused with 

domain-specific prior statistical characteristics extracted 

from raw signals. Extensive data augmentations are 

applied to alleviate overfitting and ensure the diversities 

of training data. Numerical results over typical datasets 

on speech recognition and environmental sound analysis 

show that the proposed feature-fusion approach achieves 

non-negligible performance gain over either of the 

standalone models. Moreover, the proposed method can 

be readily generalized to other domains such as time-

series analysis and predictive maintenance by resorting to 

leveraging distinct models to provide complementary 

information from various perspectives so as to mutually 

improve the system performance.  
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