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Abstract 19 

Wake galloping is a phenomenon of aerodynamic instability and has vast potential in 20 
energy harvesting. This paper investigates the vibration response of wake galloping 21 
piezoelectric energy harvesters (WGPEHs) in different configurations. In the proposed 22 
system, a stationary obstacle is placed upstream, and a cuboid bluff body mounted on 23 
a cantilever beam with piezoelectric sheets attached to it, is placed downstream. Three 24 
different types of WGPEHs were tested with different cross-section  𝑆𝑆∗  of the 25 
upstream obstacles, namely square, triangular, and circular. At the same time, the tests 26 
were conducted by changing the equivalent diameter ratio 𝜂𝜂 = 1~2.5 of the upstream 27 
and downstream objects, the dimensionless distance between two objects’ centers 𝐿𝐿∗ =28 
𝐿𝐿 𝐷𝐷⁄ = 2 ~ 8, and the velocity span 𝑈𝑈∗ = 3.24~16.09. The results reveal that 𝑆𝑆∗, 𝜂𝜂, 29 
𝐿𝐿∗  and 𝑈𝑈∗  have significant effect on the vibration response of WGPEHs. Then, 30 
considering these four parameters as input features, this study has trained machine 31 
learning (ML) models to predict the root mean square values of the voltage (𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟) and 32 
the maximum displacement (𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚), respectively. The performance of three different 33 
ML algorithms including decision tree regressor (DTR), random forest (RF), and 34 
gradient boosting regression trees (GBRT) on predicting 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟  and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚  were 35 
compared. Among them, the GBRT model performed optimally in predicting the 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 36 
and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚. The GBRT model provides accurate predictions to 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 within 37 
the test range of 𝑆𝑆∗, 𝜂𝜂, 𝐿𝐿∗ and 𝑈𝑈∗. 38 
 39 
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1. Introduction 42 

In recent decades, with the increasingly serious problems of environmental pollution 43 
and energy shortage, harnessing renewable clean energy from a natural environment 44 
has become one of the focus of academic research [1]. The energy generated by flow-45 
induced vibrations (FIVs) is widely presented in our daily life and natural environment  46 
[2,3]. Such vibration energy can be converted into usable electrical energy through 47 
various pathways such as electromagnetic [4-6], electrostatic [7,8], triboelectric [9,10], 48 
piezoelectric [11-14], etc. Among them, piezoelectric technology has attracted wide 49 
attention due to its relatively high power density and easy implementation [15]. It 50 
provides an effective solution to the power supply problems of microelectronic devices 51 
such as wireless sensor networks (WSN) and microelectromechanical systems (MEMS) 52 
[16].  53 

Researchers have developed different piezoelectric energy harvesters (PEHs) 54 
through different types of FIVs mechanism, including vortex-induced vibration (VIV) 55 
[17,18], galloping [19], flutter [20], and wake galloping [21]. To investigate their 56 
internal electromechanical coupling mechanism and aerodynamic response, both 57 
theoretical analysis and experimental studies have been conducted [22-25]. In order to 58 
enhance the performance of energy harvesting, a large amount of configurations were 59 
designed by using various aerodynamic shapes of the bluff bodies [26], adding 60 
detachable accessories [27], combining hybrid vibrations in a unique energy harvesting 61 
unit [28-33], and introducing nonlinear mechanisms [34-36], etc. They aim to increase 62 
the vibration response of the structure. In particular, Taylor et al. [37] designed an "eel" 63 
shaped energy generator that uses periodic vortex shedding behind the bluff body to 64 
tighten the piezoelectric element and gain electrical energy from the mechanical 65 
vibration. Weinstein et al. [38] attached a movable aerodynamic fin to the end of the 66 
piezoelectric cantilever to manually tune the resonance frequency of vortex-induced 67 
vibration piezoelectric energy harvester (VIVPEH), which expanded the bandwidth of 68 
a wind speed, and the effective range of the wind speed was 2 to 5m/s. Wang et al. [39] 69 
obtained the Y-shaped galloping piezoelectric energy harvester by adding a "Y-shaped" 70 
attachment to the bluff body, and determined the transition process from vortex-induced 71 
vibration to galloping vibration. Hu et al. [40] found that the relative position between 72 
the twin energy harvesters is crucial to its power generation efficiency. The energy 73 
production of the two energy traps in series or staggered arrangement was studied via 74 
wind tunnel experiments, and the optimal relative position was determined to provide 75 
the best output power. Bibo et al [28] has proposed the modeling and characterization 76 
of a piezoelectric energy harvester under combined aerodynamic and base excitations. 77 
Magnets were also introduced into the energy harvesters from flow-induced vibrations 78 
to form new configurations with bistable or tristable characteristics [41,42].  79 

Wake interactions of objects occur in many applications, including wind-induced 80 
vibrations of offshore risers, tall buildings, and power transmission lines. However, 81 
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there are relatively few studies on wake galloping piezoelectric energy harvesters 82 
(WGPEHs). Jung et al. [43] first proposed a new energy harvesting system based on 83 
wake galloping and designed a prototype of WGPEH. In order to further verify the 84 
applicability of WGPEH. Jung et al. [44] conducted wind tunnel experiments on energy 85 
harvesting devices based on wake galloping phenomenon, and the results showed that 86 
WGPEH could obtain 50-370 mW of output power when the wind speed was 2.5 ~ 4.5 87 
m/s. Akaydin et al. [45] investigated the voltage generated by a flexible piezoelectric 88 
cantilever placed in the wake of a cylindrical bluff body. It was demonstrated that 89 
different placement distances produce different voltage outputs. Zhou and Wang [46] 90 
designed a new type of dual-series VIVPEH, compared with the traditional single 91 
VIVPEH, its effective wind speed range, and output power area are increased by 2.67 92 
times and 6.79 times, respectively. Abdelkefi et al. [47] investigated the effect of wake 93 
galloping on the wind speed range of the effective use of galloping piezoelectric energy 94 
harvester (GPEH) through experiments. The results reveal that the wake galloping can 95 
be used to improve the performance of GPEH, in particular, it can greatly expand the 96 
speed range of energy collection, and the enhancement degree depends on the size of 97 
the upstream cylinder and the distance between the two cylinders. Furthermore, 98 
Abdelkefi et al. [48] placed the cuboid bluff body GPEH in the wake of another 99 
identical harvester upstream with the objective of determining the wake effects on the 100 
response of the harvester. The results revealed that under different spacing, the wake 101 
effect of the upstream harvester was beneficial enhancing the harvest power level. For 102 
a modified design, Usman et al. [49] put the downstream cylindrical bluff body parallel 103 
behind the upstream stationary cylinder, and discussed the influence of the cylinder 104 
spacing and the incoming wind speed on aerodynamic vibration. The results indicated 105 
that the optimal spacing and wind speed were 3D and 4m/s in the research range 106 
respectively. To broaden the frequency bandwidth of linear WGPEH, Alhadidi and 107 
Daqaq [50] exploited a bi-stable restoring force to improve performance of the WGPEH.  108 

In summary, wind tunnel experiments and computational fluid dynamics (CFD) 109 
technology can effectively study the wake phenomenon, but these traditional research 110 
methods are not only time-consuming but also expensive. Therefore, it is necessary to 111 
develop an efficient and economical alternative method to investigate the wake induced 112 
vibration. Machine learning (ML) technology has been widely used in various 113 
engineering fields such as civil engineering [51], wind forecasting [52], structural 114 
health monitoring [53], and traffic engineering [54] in nowadays. For example, a 115 
pioneering study by Li et al. [55] employed ML methods to model the vibration 116 
response of long-span suspension bridges. The classification and regression models are 117 
trained with decision tree (DT) and support vector machine (SVM) algorithm 118 
respectively. This model can simultaneously realize the automatic identification of VIV 119 
vibration mode and the prediction of the vibration response of various modes of the 120 
bridge. Considering that an understanding of the flow state and aerodynamic 121 
characteristics around the cylinder is essential for studying flow-induced vibration. 122 
Therefore, Hu et al. [56] used a large number of cylinder wind pressure data sets 123 
accumulated in the past research, and successfully predicted the average pressure and 124 
pulsating pressure around the cylinder using the GBRT algorithm model. Clifton et al. 125 
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[57] applied ML technology to predict the power output of wind turbines, and the results 126 
revealed that the accuracy of the classification and regression tree (CBRT) power 127 
predictions is three times higher than that from the traditional power curve method. 128 
Barbounis et al. [58]employed three local recurrent neural networks (IIR-MLP,  LAF-129 
MLN and RNN) as prediction models to study long-term wind speed and power 130 
forecasting based on meteorological information. Kusiak et al. [59] compared the 131 
performance of five different ML algorithms in predicting wind speed, wind farm power 132 
and wind farm hourly power generation at different time scales of wind farms. The 133 
results show that the support vector machine regression algorithm (SVM) and the 134 
multilayer perceptron algorithm (MLP) are more accurate. Despite these studies, the 135 
application of ML technology in the fields of flow-induced vibration and energy 136 
harvesting is still in its infancy. 137 

This paper aims to use the data sets obtained from wind tunnel experiments to train 138 
two ML regression models to predict the voltage root mean square (𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 ) and the 139 
maximum displacement (𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚) of WGPEHs. The remaining sections of this paper are 140 
organized as follows. Section 2 introduces the design concepts of the WGPEHs as well 141 
as the wind tunnel experiment process. At the same time, the experimental data is 142 
visualized and briefly analyzed. In section 3, three ML algorithms (DTR, RF and GBTR) 143 
are introduced in detail, and three prediction models are constructed based on these 144 
algorithms. Section 4 compares the performance of the three ML models, and the 145 
optimal model is selected to predict 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚. Finally, all the key conclusions 146 
are presented in Section 5.  147 

2. Experimental setting and data collection 148 

2.1 Design concept 149 
Generally, when wind passes through a stationary obstacle, a steady wake pattern 150 

appears in the downstream. The bluff body supported by the piezoelectric cantilever 151 
that is simultaneously subjected to the effect of the front wake and the effective unstable 152 
aerodynamic force behind could exhibit transverse FIVs. This is the result of the 153 
simultaneous action of the forced vibration in the front of the bluff body and the self-154 
excited vibration at the rear. Stationary obstacles of different shapes and sizes can 155 
produce different wakes. At the same time, the distance between the stationary obstacle 156 
and the bluff body can also cause different aerodynamic phenomena around the bluff 157 
body. Therefore, this study changed the above three conditions to alter the aerodynamic 158 
characteristics around the bluff body.  159 

Fig. 1 presents the 3D schematic of the WGPEHs proposed by this research. A cuboid 160 
bluff body with a piezoelectric cantilever is placed in parallel with the upstream 161 
stationary obstacle to form a WGPEH. The cuboid bluff body and the rear cantilever 162 
beam present a T-shaped structure. 𝐿𝐿𝑏𝑏 , 𝑊𝑊  and ℎ𝑏𝑏  are the length, width, and 163 
thickness of the piezoelectric cantilever beam, respectively. 𝐷𝐷  and 𝐻𝐻  are the 164 
equivalent diameter and height of the cuboid bluff body, respectively. To eliminate the 165 
influence of the three-dimensional effect, the height of the obstacle is set to twice the 166 
height of the bluff body.  167 
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 168 
Fig. 1. The 3D schematic of the WGPEH 169 

In this study, three stationary obstacles with square, triangular, and circular cross-170 
sections, will be set up. Fig. 2 (a-c) presents the three types of WGPEHs, with three 171 
different cross-sections of upstream obstacles. In order to facilitate the representation 172 
and model training in section 3, the square section, triangular section, and circular 173 
section are represented as 𝑆𝑆∗ = 1, 2 and 3 respectively, 𝜂𝜂 is the ratio of the equivalent 174 
diameter of the upstream stationary obstacle cross-section to the equivalent diameter 175 
𝐷𝐷 of the downstream cuboid bluff body, and 𝐿𝐿 is the distance between their center (the 176 
distance between the center point of the cross-section of the upstream and downstream 177 
objects). Obviously, changing 𝜂𝜂  can change the size of the upstream stationary 178 
obstacle, and changes in 𝐿𝐿 alter the distance between the two objects. Therefore, in 179 
this study, by setting 𝜂𝜂 to 1.0, 1.5, 2.0, 2.5 to change the size of three types of obstacles, 180 
at the same time the experimental setting 𝐿𝐿 is 2 ~ 8 𝐷𝐷, the interval is 0.5 𝐷𝐷. Similarly, 181 
the dimensionless center distance is 𝐿𝐿∗ = 𝐿𝐿/𝐷𝐷, that is, 𝐿𝐿∗ = 2~8, and the interval is 182 
0.5. To test the vibration response of WGPEH under different conditions, this research 183 
conducted comprehensive experiments through the following wind tunnel tests. 184 

 185 
Fig. 2. Three types of WGPEHs proposed of upstream obstacles with three different 186 
cross-sections shapes. (a) square section (𝑆𝑆∗ = 1); (b) circular section (𝑆𝑆∗ = 2); (c) 187 

triangular section (𝑆𝑆∗ = 3). 188 
2.2 Experimental setting  189 



6 
 

Fig. 3 (a) presents the overview of the wind tunnel test and Fig. 3 (b-d) presents the 190 
manufacturing prototypes of three WGPEHs under 12 different combinations of 𝑆𝑆∗ 191 
and 𝜂𝜂. In this experiment, the upstream stationary obstacle and the downstream cuboid 192 
bluff body were made of the rigid foam. The cantilever beam is made of pure aluminum. 193 
The piezoelectric conversion device is made of MFC material, and its capacitance is 194 
33.5 nf bonded at the root of the cantilever beam. The equivalent diameter and height 195 
of the downstream cuboid bluff body are 𝐷𝐷 =  32 mm and 𝐻𝐻 = 120 mm. The size 196 
of the cantilever beam is 𝐿𝐿𝑏𝑏 × 𝑊𝑊 × ℎ𝑏𝑏 = 200 × 20 × 0.5 mm3, and it is installed on 197 
a fixed device and placed in an open circular cross-section wind tunnel. The wind tunnel 198 
is made of plexiglass with a size of 400 mm in diameter. There are two stages of 199 
honeycomb-like structure inside to form a flow straightener to ensure the uniformity 200 
and stability of the incoming wind speed. The wind speed in the wind tunnel is 201 
controlled by the draught fan, and the wind speed of the incoming flow is proportional 202 
to the speed of the fan. The voltage signal generated by the piezoelectric converter is 203 
recorded by a digital oscilloscope (ISDS220B), and the displacement signal of the bluff 204 
body is recorded by a displacement sensor (Panasonic: HG-C1400). The laser spot hits 205 
the centerline of the cuboid bluff body. The experiment tested the vibration response of 206 
WGPEHs under 26 wind speeds, and the actual wind speed range tested is 𝑈𝑈 = 0.87 ~ 207 
4.29 m/s. The reduced velocity is calculated by the actual wind speed, 𝑈𝑈∗ = 𝑈𝑈/𝑓𝑓𝑛𝑛𝐷𝐷 =208 
2.93 ~ 14.54, where the natural frequency 𝑓𝑓𝑛𝑛 is obtained by the free decay test, 𝑓𝑓𝑛𝑛 =209 
 9.22 Hz. The wind tunnel tests have a low-turbulence flow with a turbulence intensity 210 
less than 1.0%. Moreover, the Scruton number is 1.726. It is worth noting that for each 211 
wind speed, record the steady-state time history response of the voltage and 212 
displacement signals, and calculate the root mean square value of the voltage (𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟) 213 
and the maximum value of the displacement (𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚).  214 

  215 
Fig. 3. The experimental device. (a) The schematic of the wind tunnel test; The 216 
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manufactured prototype of the WGPEHs with (b) 𝑆𝑆∗ = 1, 𝜂𝜂 = 2.5,   (c) 𝑆𝑆∗ = 2, 𝜂𝜂 =217 
2.5 and  (d) 𝑆𝑆∗ = 1, 𝜂𝜂 = 2.5. 218 

2.3 Data visualization 219 
As mentioned above, the aerodynamic characteristics around the downstream cuboid 220 

bluff body can be changed by modifying 𝑆𝑆∗ , 𝜂𝜂 , 𝐿𝐿∗  and 𝑈𝑈∗ , so that different 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 221 
and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 data can be obtained. Therefore, considering that these four parameters are 222 
used as the input features of the training ML model, 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 are used as the 223 
corresponding labels. The data visualization is shown in Fig. 4. 156 experiments were 224 
established by changing the random combination of 𝑆𝑆∗ , 𝜂𝜂  and 𝐿𝐿∗  under different 225 
wind speeds. Each experiment carried out 26 measurements at different wind speeds. 226 
The entire data set includes 4056 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟  and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚  data. It should be noted that the 227 
yellow dots in the figure represent 6 sets of experiments that are only used for model 228 
verification in the section 4.2, that is, they do not participate in the training of model at 229 
any time. 230 

 231 
Fig. 4. Data set from wind tunnel experiments. Yellow ball markers: data used to 232 

validate the final ML model. 233 
2.4 Typical results analysis 234 

In this section, some experimental results are shown to further illustrate the influence 235 
of the four input features on the labels 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚. Fig. 5 (a) and (b) demonstrates 236 
the variation of 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 with reduced velocity when 𝐿𝐿∗ =  6.5. It can be seen 237 
that under the same 𝐿𝐿∗, different combinations of 𝑆𝑆∗ and 𝜂𝜂 within the tested velocity 238 
have different types of vibration responses. For example, when 𝑆𝑆∗ = 1 and 𝜂𝜂 = 1, 1.5, 239 
𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 exhibit VIV phenomenon, and when 𝜂𝜂 is 2.0 and 2.5, the galloping 240 
phenomenon appears. Similarly, when 𝑆𝑆∗ = 2, VIV and galloping also occur and the 241 
larger 𝜂𝜂  values are more inclined to gallop. Interestingly, when 𝑆𝑆∗ = 3  and 𝜂𝜂 =242 
2.0, 2.5 , the 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟  and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚  rise briefly as the wind speed increases, and then 243 
maintains fluctuations in a small range. From this point of view, the cross-section 244 
shapes of obstacles have a significant impact on 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟  and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 . Overall, with the 245 
increase of 𝜂𝜂 , the maximum 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟  and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚   of the VIV lock-in region gradually 246 
increases, and the corresponding reduced velocity at the maximum 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟  and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 247 
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gradually increases. This trend is especially obvious in the case of 𝑆𝑆∗ = 2, as shown 248 
by the marked points in the figure. To better understand this trend, Fig. 5 (c) - (h) present 249 
the representative time histories of voltage and displacement (the marked points) for 250 
𝑆𝑆∗ = 2 of the bluff body in stable vibration, which completely corresponds to the 251 
above phenomenon. Furthermore, the threshold velocity of the three WGPEHs 252 
increases with the increase of 𝜂𝜂.  253 

 254 
Fig. 5. Performance comparison of the WGPEHs with different 𝑆𝑆∗ and 𝜂𝜂 for 𝐿𝐿∗ =255 
 6.5. (a) the 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟; (b) the 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚; (c) - (h) the representative voltage and displacement 256 

time histories (10 - 40s) for 𝑆𝑆∗ = 2. 257 
Fig. 6 (a) and (b) demonstrate the variation of 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟  and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚  with reduced 258 

velocity at different 𝐿𝐿∗  when 𝜂𝜂 = 1.0, 2.0 . It can be seen that higher 𝜂𝜂  values are 259 
more inclined to generate galloping. When galloping occurs, the 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟  and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 260 
gradually increase with the increase of 𝐿𝐿∗. Fig. 6 (c) - (h) present the representative 261 
time histories of voltage and displacement (the marked points) for 𝜂𝜂 = 2.0, which well 262 
reflects this trend. Besides, increasing the value of 𝐿𝐿∗ can also increase the threshold 263 
velocity of VIV, and the reduced velocity corresponding to the maximum 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 264 
𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚  in the VIV lock-in region gradually increases. But the maximum 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟  and 265 
𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 in the VIV lock-in region show a trend of first increasing and then decreasing. 266 
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𝐿𝐿∗ and 𝜂𝜂 have similar effects, indicating that there is a certain correlation between 267 
them. At the same time, this result is similar to findings reported by Usman et al. [49]. 268 

Due to space limitations, it is impossible to visually analyze all the data obtained 269 
from the experiment, and the actual phenomenon is often more complicated. Apparently, 270 
the four input features 𝑆𝑆∗, 𝜂𝜂, 𝐿𝐿∗ and 𝑈𝑈∗ selected in this study have significant effects 271 
on both 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚, and they have a strong regularity to follow. This also lays an 272 
excellent foundation for the establishment of ML model for this study.  273 

  274 
Fig. 6. Performance comparison of the WGPEHs with different 𝐿𝐿∗and 𝜂𝜂 for 𝑆𝑆∗ = 1. 275 

(a) the 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟; (b) 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚; (c) - (h) the representative voltage and displacement time 276 
histories (10 - 40s) for 𝜂𝜂 = 2.0. 277 

3. Machine learning model training 278 

This study employed three ML algorithms, i.e. decision tree regression (DTR), 279 
random forest (RF) and gradient boosting regression tree (GBRT) to train the model to 280 
predict 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 of WGPEHs.  281 

3.1 Performance evaluation methods and process 282 

A number of methods have been developed to evaluate the performance of ML 283 
models, such as hold-out, cross-validation (CV), leave-one-out (LOO), and 284 
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bootstrapping [60]. The hold-out validation is undoubtedly the simplest model 285 
evaluation technique. Generally speaking, if there are sufficient data samples, it is 286 
advisable to set aside a portion of the data as a validation set and use this data set to 287 
evaluate the performance of the prediction model [61]. However, the data obtained 288 
through wind tunnel experiments is limited and difficult. Choosing different data from 289 
a small data set as the validation set will get a larger variance, which makes it difficult 290 
to evaluate the performance of the model. The k-fold cross-validation method can 291 
minimize the deviations associated with random sampling training, and retain data 292 
samples, making the verification indicators relatively reliable, which is adopted by this 293 
study.  294 

The k-fold CV method is to first divide the data set into k mutually exclusive subsets 295 
of the same size, and then use k-1 subsets as the training set each time, and the 296 
remaining subset as the test set. Subsequently, k training and testing can be performed, 297 
and finally the average of these k tests is used as the result of CV. Therefore, the CV 298 
method is also called k-fold CV. This study employs 10-fold CV to evaluate the 299 
performance of ML model and the schematic diagram is shown in Fig. 7.  300 

 301 

Fig. 7. 10-fold CV method and three-stage evaluation process 302 
When training ML models for actual tasks, models with strong generalization 303 

performance should be implemented as much as possible. Therefore, during model 304 
evaluation and selection, in addition to selecting the ML algorithm, it is also necessary 305 
to set the algorithm parameters, which are commonly referred to hyperparameter 306 
optimization. In response to this problem, Reich and Barai [60] proposed a training-307 
test-verification (TTV) evaluation process. The flowchart in Fig. 7 presents the three-308 
stage evaluation process. The first step is to divide the data set into a training set and a 309 
test set. In this study, 70% of the data set was used to train the model, and the 30% of 310 
the data set was used to test the model. The second step is to select the optimal ML 311 
algorithm and employ the k-fold CV method to select the best parameters. Finally, we 312 
adopt the best algorithms and parameters to establish a ML model based on the entire 313 
training set, and verify the model through the test set (30% data set). 314 



11 
 

3.2. Machine learning algorithm and model training 315 

3.2.1 Decision tree regression 316 

Decision tree can train a supervised ML model and the generation of decision trees 317 
is a recursive process[62]. A decision tree is usually composed of root nodes, internal 318 
nodes and leaf nodes. The root node contains the complete set of samples, each internal 319 
node corresponds to an attribute test, and the leaf node corresponds to the decision result. 320 
The path from the root node to each leaf node corresponds to a judgment test sequence. 321 
This study adopts the classification and regression tree (CART) algorithm that can be 322 
used for regression tasks to construct DTR models [63]. The Gini index is used to select 323 
the division attributes. In order to make the decision tree have a better generalization, 324 
it is essential to optimize its hyperparameters. The decision tree model adopted in this 325 
study mainly optimizes the maximum depth of the tree (max_depth), the maximum 326 
number of leaf nodes (max_leaf_nodes), and the minimum number of samples required 327 
on a leaf node (min_samples_leaf). Fig. 8 presents the variation of 10-fold mean 328 
squared error (MSE) with hyperparameters of DTR model for data set of 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟. It can 329 
be seen that the 10-fold MSE decreases as the max_depth and the max_leaf_nodes 330 
increase. When the max_depth, the max_leaf_nodes and the min_samples_leaf are 16, 331 
1450, and 1, respectively, MSE reaches the minimum value (MSE = 0.6941), and the 332 
DTR model exhibits the best performance. Therefore, the above three parameters are 333 
selected as the optimal parameters of the decision tree to predict 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟. Similarly, the 334 
same hyperparameter optimization processing is performed on the data set of 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 as 335 
shown in Fig. 9. The results indicate that when the above three parameters are 16, 1950 336 
and 1, the MSE reaches the minimum value (MSE = 0.8836). 337 

 338 
Fig. 8. Variations of 10-fold MSE with hyperparameters of DTR for the data set of  339 

𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟. 340 
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 341 
Fig. 9. Variations of 10-fold MSE with hyperparameters of DTR for the data set of  342 

𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚. 343 

3.2.2. Random forest 344 

The ensemble methods consider the modeling results of multiple weak learners, and 345 
obtains a comprehensive result after aggregation, which can obtain better regression or 346 
classification performance than a single model [64]. Ensemble methods can be divided 347 
into two categories according to the generation method of weak learners. One is the 348 
parallel ensemble method represented by RF, and the other is the sequence ensemble 349 
method represented by boosting [65,66]. 350 

RF integrates multiple decision trees as weak learners into a forest through the idea 351 
of integrated learning, and uses them together to predict the final result [67]. First, 352 
employ the bootstap sampling method to randomly sample the training set with return 353 
to obtain multiple data sets with the same size as the training set, and then train a weak 354 
learner according to each sample set. Second, the bootstap sampling method is 355 
employed to randomly sample the training set with replacement, and multiple subsets 356 
with the same size as the training set are obtained. Then train the corresponding weak 357 
learners according to each subset. Finally, the outputs of several weak learners are 358 
averaged to obtain the final predicted output. It should be noted that the difference 359 
between the training process and traditional decision trees is the introduction of random 360 
attribute selection methods in order to reduce the correlation between trees.  361 

The RF hyperparameter optimization of the 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 data set is shown in Fig. 10. It can 362 
be seen that the MSE of 10-kold CV of the 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 data set varies with the maximum 363 
depth of the tree (max_depth), the number of features selected when making the best 364 
branch (max_features), and the number of weak learners (n_estimators). MSE 365 
decreases as n_estimators increase, and eventually tends to balance. In addition, when 366 
the max_depth is increased to 16, the value of MSE drops quickly, and when the max_ 367 
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depth is further increased, the value of MSE hardly decreases. At the same time, 368 
compared with 2 and 4 max_features, the value of MSE is the smallest when the 369 
max_features is 3. When the n_estimators, the max_features, and the max_depth is 60, 370 
3, and 16, the MSE value reaches the minimum (MSE = 0.3486), so the three parameters 371 
are selected as the optimal parameters of the model. Similarly, for the 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 data set, 372 
the optimal values of these three parameters are 160, 3, and 20 as shown in Fig. 11. 373 

 374 
Fig. 10. Variations of 10-fold MSE with hyperparameters of RF for the data set of 375 

𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟. 376 

 377 
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Fig. 11. Variations of 10-fold MSE with hyperparameters of RF for the data set of 378 
𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚. 379 

3.2.3 Gradient boosting regression tree 380 

As mentioned in the previous section, boosting is the most widely used sequence 381 
integration algorithm for machine learning. The basic idea of boosting is to use multiple 382 
weak learners to build a strong learner. Specifically, boosting first trains a decision tree 383 
as a weak learner from the initial training set, and then adjusts the training set according 384 
to the prediction of the weak learner, so that the training samples incorrectly predicted 385 
by the previous weak learner receive more attention. Then repeat the cycle until the 386 
number of weak learners reaches the preset n value, and finally all weak learners are 387 
weighted and combined. GBRT is an iterative decision tree algorithm based on boosting 388 
idea[68]. In the iterative process of GBRT, a regression tree is generated at each step, 389 
and each regression tree learns the conclusions and residuals of all previous trees, and 390 
fits a current residual regression tree. Finally, the weighted sum of the regression trees 391 
at each stage is added to get the final result.  392 

The main hyperparameters of the GBRT model include the learning rate (Lr), the 393 
maximum depth of the tree (max_depth), and the number of control weak learners 394 
(n_estimators). It is worth noting that the Lr is a crucial parameter in GBRT used to 395 
reduce the step length of each step and prevent the step length from crossing the extreme 396 
point and causing overfitting. The value of the Lr is usually relatively small, but if the 397 
learning rate is set too small, the relatively large n_estimators is required, which 398 
increases the calculation time. Fig. 12 and Fig. 13 exhibit the variation of 10-fold MSE 399 
with hyperparameters of GBRT model for the dataset of 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 . It can be seen 400 
that the optimal Lr, max_depth, and n_estimators of the 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 dataset is 0.01, 12, and 401 
975 respectively, and the corresponding minimum MSE = 0.2378. Similarly, for 402 
the  𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚  data set, the optimal values of Lr, max_depth, and n_estimators can be 403 
obtained as 0.01, 12 and 1750 respectively, and the corresponding minimum MSE value 404 
is 0.3044. Therefore, the above parameters are selected as the optimal parameters to 405 
train the GBRT models. 406 
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 407 

Fig. 12. Variations of 10-fold MSE with hyperparameters of GBRT for the data set of 408 

𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 409 

 410 
Fig. 13. Variations of 10-fold MSE with hyperparameters of GBRT for the data set of 411 

𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 412 
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4. Results and analyses 413 

4.1 Model performance evaluation 414 

In the previous section, three ML algorithms (DTR, RFR, and GBRT) were 415 
introduced respectively to train models for predicting the 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟  and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚  of 416 
WGPEHs. At the same time, the 10-fold CV method is employed to optimize the 417 
hyperparameters of the three algorithms to minimize the MSE of the prediction, and 418 
finally obtain the optimal parameters of the model. In this section, the three models are 419 
trained using the optimal hyperparameters, and then the ML model is tested through the 420 
previously divided test set (ie,30% 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 30% 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 data set).  421 

The comparison between the predicted 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟  value of three ML models and the 422 
experimental data is shown in Fig .14. As shown in Fig. 14 (a), one can see the 423 
comparison between the 100 experimental test values on a random segment of the 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 424 
test data set and the predicted 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 . Overall, all the three models exhibit good 425 
performance in predicting 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟. To quantify their performances, Fig. 14 (b-d) presents 426 
the comparison of R2 scores of three ML models predicting the 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟. It can be seen that 427 
the RF and GBRT models based on the ensemble method have higher R2 scores than 428 
the single decision tree of DTR model. The GBRT model has the highest R2 score, 429 
reaching 0.9604 when predicting 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟. Similarly, the performance comparison of the 430 
three ML models in predicting the 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 is shown in Fig. 15. The results indicate that 431 
DTR model will have a large error when predicting a large 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚  value, but the overall 432 
fitting degree is better when employing the RF and GBRT prediction. Likewise, the 433 
GBRT model has the highest R2 score when predicting 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚, reaching 0.9683. 434 

 435 
Fig. 14. Compare the 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 of predicted by three ML models and experimental data. 436 
(a) comparison on a random segment with 100 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 from the testing data set; (b)-(d) 437 

comparison of R2 scores.  438 
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 439 
Fig. 15. Compare the 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 of predicted by three ML models and experimental data.  440 

(a) comparison on a random segment with 100 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 from the testing data set; (b)-(d) 441 
comparison of R2 scores. 442 

To further prove that the GBRT prediction model has the best performance, Fig. 16 443 
compares the MSE values of the three ML models in predicting 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚. The 444 
GBRT model also presents the lowest MSE value, which further proves the superiority 445 
of GBRT in predicting the values of 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟  and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 . Therefore, the GBRT model 446 
under the optimal hyperparameters is selected as the best model for predicting 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 447 
and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚. 448 

  449 
Fig. 16. Comparison of MSE of three ML models for predicting 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚. (a) 450 

the 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟; (b) the 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚. 451 

4.2 The final ML model used to predict 𝑽𝑽𝒓𝒓𝒓𝒓𝒓𝒓 and 𝒚𝒚𝒓𝒓𝒎𝒎𝒎𝒎 452 

In this section, the GBRT model after hyperparameter optimization will be used as 453 
the best model to predict the 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚. To further prove the performance of the 454 
chosen ML model, the entire data set (not including the preset 6 sets of experimental 455 
data) including the training and test sets was used to train the ML model. This model 456 
was employed to predict 6 sets of experimental data placed before training, and 457 
compared with the wind tunnel experimental data, as shown in Fig. 17 and Fig. 18 458 
respectively. It should be noted that the 6 sets of experimental data marked with yellow 459 
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dots in Fig. 4 were randomly selected from the entire experimental data set before the 460 
start of the ML study, and are only used for final verification. Therefore, these 6 sets 461 
data are capable of verifying the performance of the final ML model. 462 

It can be seen from Fig. 17 and Fig. 18 that the two GBRT models can accurately 463 
predict the 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 in 6 cases. Among them, under certain reduced velocity 464 
with 𝑆𝑆∗ = 3 , 𝜂𝜂 = 1 , 𝐿𝐿∗ = 4.5  and 𝑆𝑆∗ = 2 , 𝜂𝜂 = 2.5 , 𝐿𝐿∗ = 6.5  settings, the 465 
predicted values of 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟  and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚  have small deviations from the experimental 466 
values, but the remaining cases are more accurate. To quantify their performances, 467 
Table 1 compares the MSE values and R2 scores of 6 cases in detail. Similarly, except 468 
for the above two cases, the MSE values of the remaining cases are lower than 0.5, and 469 
the R2 scores are higher than 96%. There are inevitably some deviations during the wind 470 
tunnel tests, leading to some errors in individual data. These outliers in the data may 471 
cause the data to be unable to be accurately learned by the model, and eventually lead 472 
to deviations in predicting certain values. However, if there are more accurate 473 
experimental data and larger data sets for the training of models, the deviations in this 474 
prediction may be resolved. On the whole, both models can accurately predict the 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 475 
and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚  in this study. Therefore, these two GBRT models can provide accurate 476 
predictions of 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟  and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚  for various combinations of 𝑆𝑆∗ = 1~3 , 𝜂𝜂 = 1~2.5 , 477 
𝐿𝐿∗ = 2~8 and 𝑈𝑈∗ = 2.93~14.54. In short, the GBRT model provides a very efficient 478 
and economical method for predicting the performance of WGPEHs. 479 

 480 
Fig. 17. Prediction of 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 by using GBRT model. 481 
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 482 
Fig. 18. Prediction of 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 by using GBRT model. 483 

Table 1 Comparison of MSE and R2 of 6 cases 484 
Cases MSE (𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟) R2 (𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟) MSE (𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚) R2 (𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚) 

𝑆𝑆∗ = 3, 𝜂𝜂 = 1, 𝐿𝐿∗ = 4.5 0.2726 0.8773 0.3474 0.8976 
𝑆𝑆∗ = 1, 𝜂𝜂 = 1.5, 𝐿𝐿∗ = 8 0.2959 0.9697 0.4507 0.9701 
𝑆𝑆∗ = 1, 𝜂𝜂 = 2, 𝐿𝐿∗ = 6.5 0.1521 0.9929 0.2217 0.9925 
𝑆𝑆∗ = 2, 𝜂𝜂 = 1, 𝐿𝐿∗ = 6 0.1542 0.9684 0.1789 0.9760 
𝑆𝑆∗ = 2, 𝜂𝜂 = 2.5, 𝐿𝐿∗ = 6 1.6665 0.8249 1.8690 0.8584 
𝑆𝑆∗ = 2, 𝜂𝜂 = 1.5, 𝐿𝐿∗ = 7 0.1018 0.9924 0.1699 0.9910 

5. Conclusions 485 

This paper investigates the vibration response of the wake galloping piezoelectric 486 
energy harvesters (WGPEHs) in different configurations, and uses machine learning 487 
(ML) algorithms to train the ML model to predict the voltage and displacement outputs 488 
of proposed WGPEHs. Through the combination of wind tunnel experiments and ML 489 
technology, the following main conclusions are drawn. 490 

(a) The four parameters including the cross-sectional shape of upstream obstacle 𝑆𝑆∗, 491 
the equivalent diameter ratio  𝜂𝜂  of the upstream and downstream objects, the 492 
dimensionless distance 𝐿𝐿∗ between two objects and the reduced velocity 𝑈𝑈∗ have an 493 
important influence on the 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 of WGPEHs within the scope of the study. 494 
Within the given test velocity, different combinations of 𝑆𝑆∗ and 𝜂𝜂 will have different 495 
types of vibration responses (VIV and galloping). In the case where 𝐿𝐿∗ is 6.5, when 496 
𝑆𝑆∗ = 1  and 𝜂𝜂 = 1, 1.5 , 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟  and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚  exhibit VIV phenomenon, and when 𝜂𝜂  is 497 
2.0 and 2.5, the galloping phenomenon appears. Similarly, when 𝑆𝑆∗ = 2 , VIV and 498 
galloping also occur and the larger 𝜂𝜂 values are more inclined to gallop. When 𝑆𝑆∗ =499 
3 and 𝜂𝜂 = 2.0, 2.5, the 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 rise briefly as the wind speed increases, and 500 
then maintains fluctuations in a small range. Moreover, when galloping occurs, the 501 
𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 gradually increase with the increase of 𝐿𝐿∗. Overall, with the increase 502 
of 𝜂𝜂, the reduced velocity corresponding to the maximum 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 in the VIV 503 
lock-in region gradually increases, and the maximum 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚  of the VIV lock-504 
in region gradually increases. Similar, with the increase of 𝐿𝐿∗, the reduced velocity 505 



20 
 

corresponding to the maximum 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 in the VIV lock-in region gradually 506 
increases, but the maximum 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚 in the VIV lock-in region show a trend 507 
of first increasing and then decreasing. Furthermore, the threshold velocity of the three 508 
WGPEHs increases increase as 𝜂𝜂  and 𝐿𝐿∗  increase. 𝐿𝐿∗  and 𝜂𝜂  have similar effects, 509 
indicating that there is a certain correlation between them. 510 

(b) Three ML algorithms (DTR, RF and GBTR) were tested on the data set obtained 511 
through wind tunnel experiments and compared their performance in predicting 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 512 
and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚. The results indicate that the GBRT models exhibit the best performance in 513 
predicting both 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟 and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚. At the same time, the GBRT models can accurately 514 
predict the 𝑉𝑉𝑟𝑟𝑟𝑟𝑟𝑟  and 𝑦𝑦𝑟𝑟𝑚𝑚𝑚𝑚  of WGPEHs under various combinations of 𝑆𝑆∗ , 𝜂𝜂 , 𝐿𝐿∗ 515 
and 𝑈𝑈∗ within the range proposed in this study. Therefore, the GBRT model provides 516 
a very effective and economical method of predicting the voltage and displacement of 517 
WGPEHs, which can be used as a supplement to traditional wind tunnel test research 518 
methods. Furthermore, the method proposed in this study can easily be extended to 519 
more complex problems based on wake galloping phenomenon involving more shapes 520 
or a multiple wakes staggered arrangement. 521 

Although ML technology has been applied in various engineering fields and proved 522 
to have the ability to efficiently solve practical engineering problems, its application in 523 
the field of piezoelectric energy harvesting is still in its infancy. This study demonstrates 524 
the promising application potential of ML in the field of piezoelectric energy harvesting. 525 
Therefore, it is worth investing more efforts to employ ML technology to do some 526 
further research. 527 
 528 
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