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Abstract 

Gel electrolyte batteries have prominent advantages in safety, service life and environmental 
adaptability, leading to their increasing application in various fields. Compared with liquid 
electrolyte batteries, gel batteries exhibit excellent internal resistance consistency, which contributes 
to more stable current, gentler voltage changes and lower temperature rise during charging and 
discharging processes. However, traditional methods for estimating the SOC of gel batteries based 
on electrical and temperature parameters fail to achieve satisfactory accuracy due to the 
aforementioned characteristics. To address this issue, this paper considers the changes in the physical 
properties of the electrolyte during the charging and discharging of gel batteries, investigates their 
multi-layer structure and analyzes the feasibility of SOC estimation using ultrasonic technology. 
Through ultrasonic experiments, the characteristic parameters in ultrasonic time-frequency signals 
that are highly correlated with the SOC of gel batteries are extracted and analyzed. Subsequently, 
based on machine learning algorithms, a SOC estimation method for gel batteries using multi-
dimensional ultrasonic time-frequency features is proposed. The verification experiments show that 
the RMSE and MAE of this estimation results are both within 1% which confirm the effectiveness and 
high accuracy of the proposed method. 

Keywords: gel battery; state of charge; estimation; ultrasonic test 
 

1. Introduction 

SOC is defined as the percentage ratio of the remaining dischargeable capacity of a battery to its 
total available capacity at the fully charged state [1]. For instance, a battery with a full-charge capacity 
of 80 kWh and a residual capacity of 40 kWh corresponds to an SOC of 50%. The charging and 
discharging operations of lithium battery must be strictly controlled within the allowable SOC range, 
since both overcharging and overdischarging can cause irreversible degradation to the battery. 
Typical degradation mechanisms include accelerated decomposition of the electrolyte, persistent 
structural collapse of electrode materials, and even thermal runaway [2–4]. Therefore, accurate SOC 
estimation is directly related to the operational safety and reliability of lithium battery systems [5]. 

Current mainstream SOC estimation methods include the coulomb counting method, open-
circuit voltage (OCV) method, impedance-based method, model-based filtering algorithms and data-
driven method [6,7]. Among emerging non-invasive techniques, the ultrasonic method has attracted 
extensive attention owing to its non-electrochemical interference, high sensitivity to the internal 
states of battery and considerable potential for online monitoring [8]. 

Existing studies have demonstrated that the intercalation and deintercalation of lithium ions 
between the cathode and anode during the charging and discharging process of lithium battery 
induce variations in the physical properties of the internal materials of the battery. Among these 
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variations, the most prominent are the changes in the Young’s modulus and density of the cathode 
and anode materials. Accordingly, the evolution of the internal state of a lithium battery is closely 
correlated with the structural characteristics of its constituent materials [9]. Exploring the variation 
law of the internal material structure of the battery during charging and discharging cycles and 
further applying this law to achieve accurate SOC estimation constitutes the research idea for 
ultrasonic monitoring. As a type of stress wave, ultrasonic waves propagating inside a battery are 
sensitive to subtle physical variations in the propagation medium, which further lead to changes in 
key propagation parameters such as wave velocity. Based on this acoustic-mechanical coupling 
mechanism, the response characteristics of ultrasonic waves can be employed to achieve real-time, 
in-situ and non-destructive characterization of the internal states of lithium battery. To date, 
researchers in this field have mainly adopted two time-domain characteristic parameters of ultrasonic 
signals - Time of Flight (TOF) and Signal Amplitude (SA) - for the quantitative estimation of the SOC 
[10,11]. 

By analyzing the variations in the density and Young’s modulus of the cathode and anode 
materials of lithium battery, Hsieh A G et al. establish the correlation between ultrasonic wave 
velocity and battery SOC and they verify the existence of a linear relationship between TOF and SOC 
[12]. Then, based on the Biot fluid-saturated porous medium model, the ultrasonic propagation 
characteristics inside lithium battery are systematically investigated and an approximately linear 
correlation model between SA and SOC is constructed [13]. Studies further reveal that TOF and SA 
exhibit a strong correlation with the charge-discharge cycling process and aging degree of lithium 
battery [14]. By establishing an ultrasonic analytical model and simulating the dynamic variations in 
Young’s modulus and density of battery electrodes during cycling, the reliability of this strong 
correlation is verified repetitively. Furthermore, several researchers have carried out comprehensive 
studies by combining TOF, SA and electrical parameters (e.g., battery voltage), and thus constructed 
a multi-dimensional ultrasonic - electrical fusion model for SOC estimation. The estimation error of 
this type of model can be constrained within 2% [15]. Moreover, the integration of tracking algorithms 
into this multi-dimensional model enables a further improvement in the accuracy of SOC estimation 
[16]. It should be noted that the aforementioned research achievements are almost exclusively 
obtained based on liquid electrolyte lithium battery. In contrast, research focusing on gel electrolyte 
lithium battery remains relatively scarce. 

Gel electrolyte lithium battery represents an improved variant of traditional lithium battery. By 
confining liquid electrolytes within a polymer gel network, a semi-solid gel electrolyte is formed, 
which can effectively mitigate the leakage issue of liquid electrolytes, suppress thermal runaway-
induced failures and enhance cycling stability. Gel electrolyte enhances the operational performance 
of lithium battery, making its ultrasonic linear characteristics extremely stable during charging and 
discharging. However, compared with traditional lithium battery, gel battery’s internal structure and 
electrochemical behaviors are more complex, leading to nonlinear characteristics. When ultrasonic 
waves propagate inside gel electrolyte lithium battery, the nonlinear and non-stationary 
characteristics of the propagation process become particularly prominent. Thus, unlike the case of 
liquid electrolyte lithium battery, relying solely on time-domain analysis parameters such as TOF and 
SA is insufficient to accurately characterize the internal state of gel electrolyte lithium battery. 

To achieve accurate SOC estimation for gel lithium battery, this study builds on existing research 
and collects ultrasonic signals during the battery’s charge-discharge process. These signals are firstly 
analyzed in the time domain to extract TOF and SA. Subsequently, the frequency spectrum of the 
signals is obtained through Fourier transform. Further, Ensemble Empirical Mode Decomposition 
(EEMD) is employed to extract characteristic parameters, including slope, kurtosis, shape index, and 
pulse index - from the Intrinsic Mode Functions (IMFs) of the signals. Based on these multi-
dimensional parameters, an attempt is made to interpret the internal electrochemical processes of the 
battery. Finally, a neural network algorithm is adopted for feature selection of the extracted 
parameters, and a precise SOC estimation method for gel lithium battery is proposed. 
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2. Results and Discussion 

2.1. Theoretical Analysis on Ultrasonic Characterization of SOC 

The propagation velocity of an ultrasonic longitudinal wave traveling through an isotropic 
medium is governed by the intrinsic physical properties of this medium: 
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where c denotes the propagation velocity of the ultrasonic longitudinal wave, E the Young’s modulus 
of the medium, ε the Poisson’s ratio of the medium and ρ the density of the medium. When the 
ultrasonic longitudinal wave propagates over a distance l in the medium, the corresponding 
propagation time i.e., TOF, can be expressed as: 
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from this equation, it can be deduced that for a fixed propagation distance, the superior the elastic 
properties of the medium (corresponding to a larger Young’s modulus E) and the lower its density, 
the higher the propagation velocity of the ultrasonic wave and the shorter the TOF. During the 
charge-discharge process of a lithium battery, the lithium ions migrate in the electrolyte and undergo 
intercalation and deintercalation reactions between the cathode and anode. At the ionic level, the 
SOC is defined as the actual ratio of lithium ions intercalated in the electrodes (discharged state) or 
capable of being deintercalated from the electrodes to the total lithium ions (charged state). Therefore, 
changes of the SOC means the fluctuations in the electrolyte density and Young’s modulus. 
Ultrasonic wave can precisely capture this change and reflect it through TOF, as Figure 1A shows. 

A gel lithium battery can be regarded as a multilayer composite structure as shown in Figure 
1B. Owing to the different material compositions between adjacent layers, the ultrasonic parameters 
within each layer also differ. To characterize this scenario, a continuous and homogeneous layered 
medium model is adopted to describe the propagation process of ultrasonic waves inside the battery. 
In each individual layer, the acoustic impedance of the material can be expressed as: 
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where Z denotes the acoustic impedance and i represents the layer sequence number. The battery is 
mainly composed of three types of layers: the separator, cathode, and anode. Since these three types 
of layers are arranged in a repeating sequence, the value of i ranges from 1 to 3. Acoustic impedance 
does not serve for independent calculation, but is used to determine the laws of ultrasonic reflection 
and transmission at the interface between two layers. For instance, at the interface between the 
separator layer and the cathode layer with acoustic impedances Z1 and Z2 respectively, the ultrasonic 
reflection coefficient r and transmission coefficient t can be expressed as: 
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from the above equations, it can be concluded that when Z1 and Z2 are identical, the reflection 
coefficient r equals 0, corresponding to total transmission of ultrasonic waves. In contrast, when the 
difference between Z1 and Z2 is significant, r approaches 1, indicating that most of the ultrasonic 
energy is reflected. For the multilayered structure, neglecting the nonlinear effects of the material, the 
waveform of ultrasonic waves can be assumed to remain unchanged during propagation, with only 
amplitude attenuation caused by multiple reflections. 
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Figure 1. Ultrasonic wave passes through the gel battery: (A) Density and Young’s modulus affect TOF; (B) 
Interlayer reflection affects SA. 

In summary, the acoustic impedance of the battery is governed by the density, Young’s modulus, 
and Poisson’s ratio of each internal layer, and the intensity of ultrasonic reflection is in turn 
determined by the acoustic impedance. This physical relationship is directly reflected by SA. 
Meanwhile, the above three physical parameters also jointly determine the velocity of ultrasonic 
wave, thereby exerting a direct influence on the TOF. It follows that the ultrasonic propagation 
characteristics inside the battery are intrinsically correlated with the intrinsic physical properties of 
the internal materials, which demonstrates the feasibility of ultrasonic technology for SOC 
characterization. 

2.2. Analysis of Ultrasonic Time-Domain Signals for Gel Battery SOC 

In this study, two identical commercial EB-BS908 gel lithium batteries with consistent aging 
states are used, designated as B1 and B2, respectively. The batteries have a rated capacity of 3435 
mAh, with upper and lower cut-off voltages of 4.45 V and 3.0 V. Specifically, B1 is used for ultrasonic 
signal analysis, while B2 acts as a validation battery for subsequent operation. The schematic diagram 
of the experimental setup is shown in Figure 2. A battery test system is used to monitor in real time 
the variations in voltage, current and temperature of the battery during charging and discharging, 
while an ultrasonic detection system is employed to acquire the corresponding ultrasonic signals. 
Throughout the experiment, the battery is placed in a constant temperature chamber with a 
controlled temperature 25℃. The ultrasonic longitudinal wave used in this study has a central 
frequency of 4.5 MHz. 

 
Figure 2. Battery experimental platform: (A) Schematic diagram; (B) Experimental image, 1-6 are respectively: 
temperature detector, upper computer, ultrasonic wave. 

The ultrasonic time-domain signals during the charge-discharging cycle are shown in Figure 3 
and Figure 4. Furthermore, the precise values of the TOF and SA are extracted from the time-domain 
ultrasonic signals, as depicted in Figure 5. As illustrated in the results, the TOF and SA of ultrasonic 
waves exhibit a clear correlation with the SOC during a full charge-discharge cycle. It can be observed 
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that the SA is positively correlated with the SOC, whereas the TOF shows a significant negative 
correlation with the SOC. 

 
Figure 3. The ultrasonic time-domain signal during charging process: (A) SOC=0%; (B) SOC=20%; (C) SOC=40%; 
(D) SOC=60%; (E) SOC=80%; (F) SOC=90%. 

 
Figure 4. The ultrasonic time-domain signal during discharging process: (A) SOC=0%; (B) SOC=20%; (C) 
SOC=40%; (D) SOC=60%; (E) SOC=80%; (F) SOC=90%. 
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Figure 5. The precise values of SA and TOF during the charge-discharge cycle. 

At the initial charging stage, with the SOC increasing from 0% to approximately 10%, a 
concentration polarization phenomenon is induced inside the battery by external excitation. This 
leads to a significant variation in the physical properties of the internal material, accompanied by a 
rapid decrease in TOF value and a slow growth in SA value. 

In the middle charging stage, with the SOC rising from approximately 10% to 80%, the TOF and 
SA exhibit entirely opposite variation trends. For the TOF, two competing effects act on its value 
during the charging process: on one hand, the increase in battery thickness elongates the ultrasonic 
propagation path, which tends to increase TOF; on the other hand, the rise in the ratio of Young’s 
modulus to density of the battery’s internal electrode material leads to an increase in ultrasonic wave 
velocity, which in turn exerts a TOF-reducing effect. The overall decreasing trend of the TOF indicates 
that the variation in the physical properties of the battery’s electrode material plays a dominant role 
in this stage. For the SA, the higher the hardness and densification degree of the material, the lower 
its damping property and the weaker the attenuation of the ultrasonic signal. Accordingly, during 
the battery charging process, the increase in Young’s modulus of the electrode material leads to an 
enhancement in material stiffness and a reduction in acoustic impedance, which consequently gives 
rise to an increase in SA. In this middle charging stage, the variations in TOF and SA exhibit a 
relatively uniform trend. This is attributed to the gradual achievement of a dynamic equilibrium in 
the migration rate of lithium ions as the constant-current charging proceeds, with the rates of 
electrochemical reactions and material property evolution tending to be stable. 

In the late charging stage, with the SOC increasing from approximately 80% to 90%, the charging 
mode switches from constant current to constant voltage, and the charging current gradually declines 
to the preset cut-off current. Correspondingly, the migration rate of lithium ions inside the battery 
decreases, and the magnitude of variation in the physical properties of the electrode material is also 
diminished. Consequently, the SA continues to increase while its growth rate diminishes gradually. 
Owing to the reduced rate of electrochemical reactions, the variation in battery thickness exerts a 
dominant effect on the TOF relative to the changes in the physical properties of the internal materials, 
thereby leading to a gradual increase in TOF. Discharging constitutes the reverse process of charging, 
accordingly, the variation trends of the TOF and SA during the discharging stage are opposite to 
those observed in the charging stage, as illustrated in Figure 5. So the detailed analysis of this 
phenomenon is not presented in this study. 

Overall, during the whole charging stage, the rate of change of TOF is approximately 40%, and 
that of SA is about 1.9%. Under the same conditions, the corresponding two values of liquid lithium 
battery are approximately 60% and 3.5%, respectively [17]. This difference indicates that compared 
to liquid battery, the two time-domain characteristics of TOF and SA are less sensitive to the SOC of 
the gel battery. Direct application of existing SOC estimation models based on TOF and SA has certain 
limitations in terms of estimation accuracy for gel battery. 

2.3. Analysis of Ultrasonic Frequency-Domain Signals for Gel Battery SOC 

Gel lithium batteries feature a typical layered structure. When ultrasonic waves propagate along 
the thickness direction of the battery, multiple reflections inevitably occur at the interlayer interfaces. 
Such reflections can induce the generation of harmonic waves, so the frequency characteristics of the 
received ultrasonic signal inherently contain the SOC information of the battery. Fast Fourier 
transform (FFT) is applied to the received ultrasonic signal, with the results presented in Figure 6. 
Here Fm denotes the amplitude corresponding to the single-frequency component with the highest 
intensity in the received signal, which indicates that this specific frequency component carries the 
maximum energy relative to other frequency components. The variation trend of Fm with the battery’s 
SOC is generally consistent with that of SA. However, by eliminating the interference from other 
frequency components, the correlation between Fm and SOC is stronger than that between SA/TOF 
and SOC. Furthermore, as charging or discharging proceeds, the frequency corresponding to Fm 
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varies periodically within a specific range, indicating that this frequency which corresponds to the 
maximum energy is not a fixed value. This phenomenon occurs because the periodic intercalation 
and deintercalation of lithium ions between the cathode and anode induce regular changes in the 
thickness and physical properties of the battery’s layered structure, thereby generating distinct 
harmonic signals. This result verifies the feasibility of using ultrasonic signal variations to reflect the 
internal electrochemical processes of the battery, while also demonstrating the potential of ultrasonic 
waves for characterizing the SOC of gel lithium battery. 

 

Figure 6. (A) The Fm value represents the peak of the received signal spectrum, the spectrum is from the charge 
process when SOC is 0; (B) The values of Fm during charge-discharge cycle. 

2.4. Analysis of Ultrasonic Signal’s Time-Frequency Transformation Features 

The analyses presented in sections 2.2 and 2.3 demonstrate that both the time-domain and 
frequency-domain characteristics of the ultrasonic signal can establish a certain correlation with the 
SOC. Therefore, to effectively improve the accuracy of SOC estimation for gel lithium battery, it is 
proposed to utilize Ensemble Empirical Mode Decomposition (EEMD) to maximize the utilization of 
the time-frequency information contained in the ultrasonic signal. The received ultrasonic signal is 
processed via EEMD using the relevant toolbox in MATLAB, yielding 7 Intrinsic Mode Functions 
(IMFs) as shown in Figure 7. 
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Figure 7. Schematic diagram of EEMD operation of the signal. 

To further eliminate low-correlation data, the variance contribution rate (η) and correlation 
coefficient (γ) of the 7 IMFs are calculated. The formulas for calculating η and γ are given as 
follows: 
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where λi represents the variance of the IMFi, Y represents the variance of the original signal, Cov(λ
i,Y) represents the covariance of λi and Y, Var(λi) and Var(Y) respectively represent the variances 
of λi and Y. The variance contribution rates and correlation coefficients of each component of the 
IMFs are shown in Figure 8. Obviously, the variance contribution rates and correlation coefficients of 
IMF1, IMF2 and IMF3 are significantly higher, thus these components contain the main information 
of the ultrasonic signal. 
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Figure 8. (A) The variance contribution rates of the 7 IMFs; (B) Correlation coefficient of the 7 IMFs. 

Therefore, IMF1 to IMF3 are selected as the research objects, and their respective skewness (s), 
kurtosis (k), crest factor (cf), margin factor (mf), shape factor (sf) and impulse factor (if) are extracted. 
The results are presented in Table 1. It can be seen that the correlation coefficients between the IMFs 
and the six parameters differ significantly. To reduce the number of input variables, only parameters 
with a correlation coefficient higher than 0.8 (i.e., k1, k2, mf1, mf2, mf3) are selected for subsequent 
analysis. 

Table 1. Correlation coefficients between the selected parameters and SOC. 

Parameter IMF1 IMF2 IMF3 

s 0.6322 0.4258 0.3361 
k 0.9012 0.8344 0.4321 
cf 0.7125 0.6588 0.4003 
mf 0.9255 0.9012 0.8143 
sf 0.6827 0.4876 0.3256 
if 0.2101 0.1571 0.0145 

2.5. Gel Battery SOC Eestimation Based on Ultrasonic Time-Frequency Features 

The Long-Short-Term Memory (LSTM) neural networks are employed to investigate the 
estimation of battery SOC. The 11 characteristic values of battery B1 during charging and discharging 
(i.e., current, voltage, temperature, SA, TOF, Fm, k1, k2, mf1, mf2, mf3) are normalized and used as the 
training set. Meanwhile, the 11 characteristic values of battery B2 with the same aging state as battery 
B1 are normalized and served as the test set to evaluate the performance of the SOC estimation model. 
During the charging and the discharging process, the sizes of the training sets are 12×202 and 12×
108 respectively. To evaluate the estimation accuracy of this method, three evaluation indicators are 
introduced: Root Mean Square Error (RMSE), Mean Absolute Error (MAE) and Coefficient of 
Determination R2. Figure 9 compares the gel lithium battery’s SOC estimation obtained by the LSTM 
method with those by Deep Neural Networks (DNN) and Convolutional Neural Networks (CNN). 
Table 2 lists the three evaluation indicators under different methods. It can be observed that LSTM 
exhibits stronger capability in processing time-series data than DNN and CNN, thus yielding higher 
SOC estimation accuracy. During the charging process, the estimated SOC values are in good 
agreement with the reference values, with the RMSE below 0.90% and the MAE below 0.65%. At the 
beginning of charging, the error is relatively smaller, but as charging progresses, the error slightly 
increases. This reflects that LSTM can effectively capture the changes in SOC as well as the 
dependency path of SOC on the battery’s historical state. During the discharging process, the RMSE 
of the estimated SOC value is within 0.42%, and the MAE is within 0.36%. As discharging processes, 
the error gradually decreases. Meanwhile, during the charging and discharging process, the R2 of the 
established LSTM model is all above 0.99, which also indicates that when using the LSTM to estimate 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 21 April 2026 doi:10.20944/preprints202604.1476.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202604.1476.v1
http://creativecommons.org/licenses/by/4.0/


 10 of 12 

 

SOC, the model has a good fitting effect, strong explanatory ability for the estimated values, and high 
accuracy of SOC estimation. 

 
Figure 9. Comparison of LSTM, DNN and CNN in estimating the SOC of gel battery: (A) Charging process; (B) 
Discharging process. 

Table 2. Comparison of evaluation indicators for the three methods. 

Evaluation Indicator State LSTM DNN CNN 

RMSE (%) 
charging 0.8901 1.1043 1.3008 

discharging 0.4153 0.9933 1.2019 

MAE (%) 
charging 0.6419 1.0347 0.9473 

discharging 0.3541 1.1021 0.9215 

R2 charging 0.9904 0.9254 0.9016 
discharging 0.9913 0.9417 0.9570 

2.5. Analysis of the Feature Choice on SOC Estimation Accuracy 

To quantify the superiority of fusing multi-dimensional ultrasonic time-frequency domain 
features for gel battery SOC estimation, a comparative analysis is conducted on the SOC estimation 
accuracy of the LSTM model with different feature combinations as inputs. 

(1) Traditional method: solely utilizes battery voltage, current and temperature as input features 
(three features in total). 

(2) Integrating ultrasonic time-domain characteristics: adopts battery voltage, current, 
temperature and two ultrasonic signals (SA and TOF) as input features (five features in total). 

The SOC estimation results for cases (1) and (2) are listed in Table3. By comparing with the data 
in Table 2, it can be observed that employing only voltage, current and temperature as LSTM inputs 
results in an SOC estimation RMSE greater than 1% and an MAE around 1%. By introducing the two 
extra ultrasonic time-domain features (SA and TOF) into the input set on the basis of the three 
conventional features, the SOC estimation RMSE remains around 1%, while the MAE is decreased to 
less than 1%. When all 11 features are adopted as input parameters, the SOC estimation RMSE is 
below 0.89% and the MAE is less than 0.65% during the charging process. The above comparative 
results validate the advantage the proposed method in this paper. 

Table 3. Estimation accuracy under different input features. 

Evaluation Indicator State 3 features 5 features 

RMSE (%) 
charging 1.4020 1.2017 

discharging 1.2017 1.1340 

MAE (%) 
charging 1.0834 0.9301 

discharging 0.9893 0.8936 
charging 0.9214 0.9471 
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R2 discharging 0.9331 0.9601 

3. Conclusions 
To address the issue of insufficient accuracy in gel lithium battery SOC estimation using 

conventional methods that rely solely on parameters such as voltage, current, and temperature, this 
paper proposes a method based on the fusion of multi-dimensional ultrasonic time-frequency 
domain features. Firstly, a continuous uniformly layered medium model is employed to analyze the 
propagation characteristics of ultrasonic waves inside the battery. Then, multi-dimensional time-
frequency domain features of ultrasonic signals are extracted via time-frequency analysis. Finally, 
combined with the LSTM neural network, a model fusing multi-dimensional ultrasonic time-
frequency domain features is constructed to realize accurate SOC estimation of the gel lithium 
battery. The main conclusions of this paper are as follows: 

(1) Multi-dimensional ultrasonic time-frequency domain features are extracted, including time-
domain features, frequency-domain features and time-frequency transform features. The 
analysis demonstrates that these ultrasonic features can effectively characterize the 
electrochemical processes inside the gel battery, and eight characteristic indicators (SA, TOF, Fm, 
k1, k2, mf1, mf2, mf3) exhibit a strong correlation with the battery SOC. 

(2) An SOC estimation model for gel lithium battery is established based on LSTM, which fuses 
multi-dimensional ultrasonic time-frequency domain features. The results demonstrate that for 
the battery with the same aging degree, during the charging process, the SOC estimation RMSE 
is within 0.90% and the MAE within 0.65%; during the discharging process, the RMSE is within 
0.42% and the MAE within 0.36%. The estimation results indicate that the accuracy of this 
method is excellent. 

The findings of this study can offer an instructive reference for the condition monitoring and 
detection of gel batteries. Nevertheless, achieving the rapid and systematic deployment of theses 
research results still demands in-depth exploration and further investigation. 
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