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ABSTRACT 

Distributed acoustic sensing (DAS) enables continuous acquisition of acoustic 

responses along a wellbore and has considerable potential for production-profile 

monitoring and flow-state identification in horizontal wells. However, existing studies 

have focused mainly on correlations between DAS signal characteristics and flow 

states, while the coupled effects and quantitative relationships among fluid 

properties, wellbore conditions, and DAS responses remain insufficiently 

understood. To characterize DAS responses under oil-water two-phase flow, physical 

simulation experiments were conducted in a horizontal wellbore under different 

crude-oil viscosities, water cuts, and wellbore inclinations. Spectral characteristics 

and acoustic-energy variations were analyzed to determine how fluid properties and 

wellbore conditions affect DAS responses. The results show that the dominant DAS 

frequency shifts overall toward lower frequencies as crude-oil viscosity increases; 

DAS acoustic energy generally increases with water cut within the investigated oil–

water two-phase conditions; and both spectral and energy responses vary markedly 

with wellbore inclination. On this basis, an exponential relationship between DAS 

acoustic energy and average wellbore velocity was established, followed by a 

multifactor response-surface model incorporating average wellbore velocity, crude-

oil viscosity, water cut, and wellbore inclination. The standardized regression results 

identify average wellbore velocity as the primary factor affecting DAS acoustic energy 

and indicate coupling between average wellbore velocity and both water cut and 

crude-oil viscosity. These results provide an experimental basis for DAS-based 

interpretation of flow parameters and production profiles in horizontal wells. 
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1. Introduction 

Distributed acoustic sensing (DAS) is a distributed sensing technique that enables continuous acoustic 

monitoring by detecting variations in Rayleigh backscattered light. Compared with conventional point sensors, 

DAS offers high spatial resolution, real-time monitoring, long sensing distance, and adaptability to complex 

downhole environments, allowing continuous acquisition of dynamic acoustic responses along the fiber. With 

advances in fiber-optic sensing and signal-processing methods, DAS has been increasingly applied to dynamic oil 

and gas well monitoring, hydraulic-fracturing evaluation, well-integrity diagnostics, and production-profile 

interpretation, providing a new means of identifying wellbore flow states and obtaining flow parameters under 

complex conditions [1-3]. 

For DAS-based flow-rate monitoring and multiphase-flow analysis, Johannessen et al. [4] determined wellbore 

flow rates through rapid processing of DAS acoustic signals. Daley et al. [5] used DAS for dynamic monitoring of 

subsurface media. Xing et al. [6] investigated gas-liquid two-phase flow under conventional and reverse gas-lift 

conditions and analyzed the effects of gas and liquid volumetric flow rates and gas-injection mode on pressure 

drop and liquid holdup. Liu et al. [7] analyzed the possible flow regimes in horizontal wellbores on the basis of 

multiphase-flow theory and developed a pressure model for gas-liquid two-phase flow in horizontal wells. He [8] 

applied DAS to offset-well monitoring during shale-gas fracturing and demonstrated its advantages in real-time 

monitoring and timely adjustment of fracturing parameters. He et al. [9] conducted real-time monitoring with fiber 

installed outside the casing in a shale-gas horizontal well in southern Sichuan and used DAS signal characteristics 

to identify two types of channeling/leakage behavior and diagnose fracture propagation. 

For water-cut identification and production-profile characterization, Liu et al. [10] combined wavelet time-

scattering transforms with short-time Fourier transforms to extract low-variance scattering and time-frequency 

features, improving the classification accuracy of water-cut ranges. Oil-water two-phase flow in horizontal pipes, 

however, is jointly affected by viscosity ratio, water cut, flow velocity, and pipe inclination through their effects on 

flow regime, interfacial fluctuations, and phase interaction [11, 12]. DAS responses therefore need to be 

interpreted together with the underlying oil-water flow behavior. Zharnikov et al. [13] developed a coupled 

numerical model of acoustic propagation and fiber-strain response and clarified the influence of DAS gauge length 

on leak-location accuracy. Their frequency-band energy (FBE) approach separated leak signals from formation and 

wellbore noise and improved leak-detection stability under complex conditions. Deng et al. [14] proposed a two-

stage strategy consisting of rapid and refined processing: Fourier transforms were used for rapid frequency-band 

energy extraction, while piecewise polynomial detrending, Gaussian-convolution smoothing, and improved 

wavelet-threshold denoising were used to enhance low-frequency resolution. Fidaner et al. [15] proposed a real-

time wavelet-transform and artificial-neural-network (ANN) method in which wavelet-based feature extraction 

reduces computational cost and the ANN estimates flow rate and flow regime from the extracted features. Hu et al. 

[16] developed a model and workflow for field liquid-production profiling, using frequency analysis to determine 

the effective DAS band and acoustic energy to calculate the production profile. Luo et al. [17] conducted physical 

simulation experiments of oil-water two-phase flow in a horizontal well and examined the relationship between 

DAS responses and flow states, providing an experimental basis for DAS-based monitoring of horizontal-well two-

phase flow. 

For DAS signal processing, Xiao et al. [18] proposed several analysis techniques, including root-mean-square 

acoustic-energy analysis, amplitude estimation, and flow-based sound-speed determination. A two-dimensional 

Fourier transform was applied to DAS data acquired in a producing well to convert time-space-domain data into 

the frequency-wavenumber domain, and a linear-fitting algorithm was then used to determine the acoustic 

velocity of the wellbore fluid. Shirdel et al. [19] combined DAS spectral analysis, DTS and DAS waterfall plots, and 

steady-state injection analysis to quantitatively interpret injection profiles. Chavarria et al. [20] extracted low-

frequency DAS components to capture small temperature changes induced by wellbore flow and accurately locate 

casing-annulus leaks. Hashish et al. [21] combined time- and frequency-domain features to characterize flow 

dynamics and showed that energy normalization and FK filtering can further improve model robustness. Li et al. 

[22] investigated preprocessing and denoising methods for large-volume DAS datasets to improve signal quality. 

Wavelet analysis and empirical mode decomposition have also been widely used for feature extraction from 
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nonstationary, noisy, and multiscale signals [23-25]. Related approaches have been applied specifically to DAS 

data for dynamic feature extraction and signal characterization [26-27]. 

In summary, substantial progress has been made in DAS-based wellbore-flow monitoring, signal processing, 

multiphase-flow identification, and production-profile interpretation. However, most existing studies focus on 

signal-feature identification or flow-parameter inversion under specific operating conditions. Systematic 

experimental understanding of DAS responses when crude-oil viscosity, water cut, and wellbore inclination vary 

simultaneously remains limited, and quantitative models capable of representing multifactor coupling are still 

lacking. 

Accordingly, the objective of this study is to systematically characterize DAS spectral and acoustic-energy 

responses to variations in crude-oil viscosity, water cut, wellbore inclination, and average wellbore velocity, and to 

establish quantitative models describing their combined effects on DAS acoustic energy. Quantitative 

relationships between DAS acoustic energy and average wellbore velocity were then established to provide an 

experimental basis for DAS-based production-profile interpretation and flow-parameter estimation in horizontal 

wells. The remainder of this paper is organized as follows. Section 2 describes the experimental setup and 

experimental design. Section 3 presents the DAS data-processing procedure. Section 4 discusses the experimental 

response characteristics, regression analysis, and multifactor response-surface model. Section 5 summarizes the 

main conclusions. 

2. Experimental Design 

2.1. Experimental Setup 

The experimental setup is shown in Fig. (1) and consists of four main modules: an acoustic-monitoring module, 

a horizontal-wellbore module, a fluid-injection module, and a waste-fluid recovery module. The modules are 

connected in sequence. The acoustic-monitoring module includes an acoustic source, a signal-acquisition terminal, 

and an armored optical fiber. The horizontal-wellbore module consists of a perforated tube, casing, and sealing 

connectors. The casing is 24 m long, with one radial inflow point every 6 m. Multiple vertical holes are uniformly 

distributed along the casing to connect the inside and outside of the wellbore. The perforated tube is installed 

inside the casing, leaving an annular space between the tube and casing. A single-mode armored optical fiber with 

an outer diameter of 6.35 mm is deployed inside the casing to simulate field deployment in which fiber is 

conveyed into the well by coiled tubing. The fluid lines are high-temperature-, high-pressure-, and corrosion-

resistant hydraulic hoses. Reducer threaded connections are used between the lines and the horizontal wellbore, 

fluid-supply system, and waste-fluid recovery system to prevent leakage at the connections under elevated 

internal pressure. 

 

Figure 1: Schematic of the horizontal-well experimental setup. 

2.2. Experimental Design 

To investigate variations in DAS response under different flow conditions, crude-oil viscosity, water cut, and 

wellbore inclination were selected as the principal experimental variables. By varying these parameters, DAS 

spectral characteristics and acoustic-energy responses were obtained under different conditions, and quantitative 

relationships between DAS response parameters and average wellbore velocity were subsequently established. 

The experimental matrix is listed in Table 1. 
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Table 1: Experimental matrix for DAS responses to oil-water two-phase inflow in a horizontal well. 

No. Crude-oil Viscosity (mPa·s) Inclination Wellbore Flow Rate (L/min) Water Cut 

1 3 

-15°, 0°, +15° 0.01-1 0-90% 2 10 

3 60 

4 / 0° 0.01-1 100% 

 

3. Data Processing 

Distributed acoustic sensing (DAS) is based on phase-sensitive optical time-domain reflectometry (Φ-OTDR), in 

which phase variations in Rayleigh backscattered light are analyzed to obtain distributed dynamic-strain 

information along the optical fiber [28]. DAS data are large in volume, nonstationary, and susceptible to noise, so 

time-frequency analysis is required for effective feature extraction. In this study, DAS signals were processed using 

a fast Fourier transform (FFT) combined with a fourth-order Butterworth low-pass filter [29-31]. Frequency-domain 

analysis was then used to extract acoustic-response characteristics under different operating conditions and to 

characterize DAS signals under complex flow conditions [32]. 

The acquired time-domain DAS signal was transformed into the frequency domain using the discrete Fourier 

transform [30]: 

 𝑋(𝑘) = ∑ 𝑥𝑁−1
𝑛=0 (𝑛)𝒆−

𝒋2𝝅𝑘𝑛

𝑁 , 𝑘 = 0,1,2, . . . , 𝑁 − 1 (1) 

where 𝑥(𝑛) is the time-domain signal sequence,𝑋(𝑘) is the complex frequency-domain signal, 𝑁 is the signal length, 

and 𝑘 is the frequency-domain sequence index. 

To isolate the frequency band of interest, a Butterworth low-pass filter was applied. Its magnitude-frequency 

response is given by [29, 33]: 

 |𝑯(𝒋𝝎)|𝟐 =
𝟏

𝟏+(
𝝎

𝝎𝒄
)
𝟐𝒏  (2) 

where 𝑛 is the filter order, 𝜔𝑐 is the cutoff angular frequency (rad/s), and 𝐻(𝑗𝜔) is the frequency-response function. 

In the digital-filter implementation, the transfer function is expressed as [29, 33]: 

 𝑯(𝒛) =
𝒃𝟎+𝒃𝟏𝒛

−𝟏+⋯+𝒃𝑴𝒛
−𝑴

𝟏+𝒂𝟏𝒛
−𝟏+⋯+𝒂𝑵𝒛

−𝑵   (3) 

where 𝑏𝑗 and 𝑎𝑖 are the filter coefficients, 𝑀 and 𝑁 are the filter orders, and 𝑍 is the transform variable. 

Analysis of the measured DAS spectra showed that the principal acoustic response was concentrated within 0-

500 Hz. The cutoff frequency was therefore set to 500 Hz, and 0-500 Hz was used as the target band for 

subsequent acoustic-energy analysis. 

The root-mean-square (RMS) value was used as an indicator of DAS acoustic energy [34]: 

 𝑬RMS = √
𝟏

𝑵
∑ 𝒙𝒊

𝟐𝑵
𝒊=𝟏   (4) 

where 𝑥𝑖 is the amplitude of the ith sample within the selected frequency band and 𝑁 is the number of samples in 

that band. 
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An example of the processed DAS data is shown in Fig. (2). Fig. (2a) presents the spectrum and Fig. (2b) the 

corresponding energy spectrum, which can be used to characterize acoustic-energy variations under different 

operating conditions. 

        

(a) DAS spectrum  (b) DAS energy spectrum 

Figure 2: Representative DAS frequency spectrum and corresponding energy spectrum. 

4. Results and Discussion 

4.1. DAS Response of Two-Phase Flow in a Horizontal Well 

4.1.1. Effect of Crude-Oil Viscosity on DAS Response 

At a water cut of 0%, an inclination of 0°, and a wellbore flow rate of 1 L/min, DAS responses were measured 

for crude-oil viscosities of 3, 10, and 60 mPa·s, as shown in Fig. (3). The dominant frequency was 164 Hz at 3 mPa·s, 

   

(a) 3 mPa·s spectrum  (b) 10 mPa·s spectrum  (c) 60 mPa·s spectrum 

   

(d) 3 mPa·s energy spectrum  (e) 10 mPa·s energy spectrum  (f) 60 mPa·s energy spectrum 

Figure 3: DAS frequency and energy spectra of single-phase oil at different viscosities. 
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101 Hz at 10 mPa·s, and 94 Hz at 60 mPa·s. The energy spectra further confirmed this trend. As crude-oil viscosity 

increased, the dominant DAS frequency shifted overall toward lower frequencies, high-frequency components 

weakened, and the acoustic energy generally increased (Fig. 4). Changes in crude-oil viscosity can modify flow 

behavior and interfacial characteristics [35], which may in turn affect the DAS spectral and acoustic-energy 

responses. The systematic shift of the dominant DAS response toward lower frequencies with increasing crude-oil 

viscosity provides experimental evidence that crude-oil rheological properties are reflected in the acoustic 

signature of wellbore flow. Under the controlled conditions investigated here, viscosity-dependent changes are 

manifested simultaneously in the frequency content and acoustic-energy response captured by DAS. This result 

extends previous DAS flow studies by explicitly demonstrating the sensitivity of DAS spectral characteristics to 

crude-oil viscosity. 

 

Figure 4: Relationship between crude-oil viscosity and acoustic energy. 

4.1.2. Effect of Water Cut on DAS Response 

To examine the effect of water cut on DAS response, oil-water two-phase flow experiments were conducted at 

a crude-oil viscosity of 10 mPa·s, a wellbore inclination of 0 degrees, and a wellbore flow rate of 1 L/min, as shown 

in Fig. (5). At low water cut, the dominant DAS frequency was approximately 56 Hz and the spectrum exhibited a  

 

         

(a) 20% water cut spectrum  (b) 60% water cut spectrum 

          

(c) 80% water cut spectrum (d) Pure-water spectrum 
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Figure 5 (contd….) 

           

(e) 20% water cut energy spectrum  (f) 60% water cut energy spectrum  

      

(g) 80% water cut energy spectrum (h) Pure-water energy spectrum 

Figure 5: DAS spectra and energy spectra under different water-cut conditions and the pure-water control. 

concentrated, single-peak narrow-band response. When the water cut increased to 80%, the dominant frequency 

shifted to 121 Hz, the spectral range broadened markedly, and the contribution of higher-frequency components 

increased. Fig. (6) further shows that, within the oil–water two-phase conditions, DAS acoustic energy generally 

increased with water cut and followed a clear exponential trend. This behavior may be associated with changes in 

phase composition and flow state as water cut increases [36]. The results indicate that DAS response is sensitive 

not only to flow velocity but also to flow-state differences associated with changes in oil-water composition. The 

pure-water control exhibited a characteristic frequency range of approximately 18–120 Hz and a lower acoustic-

energy level than the high-water-cut two-phase conditions. As an independent single-phase reference, the pure-

water result was not included in the exponential fitting. 

 

Figure 6: Relationship between water cut and acoustic energy. 
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4.1.3. Effect of Wellbore Inclination on DAS Response 

At a crude-oil viscosity of 10 mPa·s, a water cut of 0%, and a wellbore flow rate of 1 L/min, DAS responses were 

measured at wellbore inclinations of -15°, 0°, and +15°. The spectra show that inclination markedly affects the DAS 

response. At -15°, the spectrum is concentrated mainly in the low-frequency range; at 0°, the spectral range is 

broader; and at +15°, the response is dominated by low-to-intermediate frequencies. The energy spectra in Fig. (7) 

show clear differences among the three inclinations, with acoustic energy following the order +15° > -15° > 0°. Fig. 

(8) further indicates that changes in wellbore inclination alter the gravitational contribution and the distribution of 

flow resistance, thereby affecting the DAS acoustic response. At +15°, the component of gravity along the wellbore 

opposes the flow direction and increases resistance to axial flow. At -15°, the gravitational component acts in the 

flow direction, producing a force balance different from that under uphill flow. At 0°, the axial component of 

gravity is nearly zero. These results indicate that inclination changes the axial gravitational component and flow 

resistance, and differences in force balance among inclinations may be an important cause of the observed 

variations in DAS acoustic energy. Wellbore inclination should therefore be considered when interpreting 

horizontal-well flow parameters from DAS data [37, 38]. 

   

(a) -15° spectrum  (b) 0°spectrum  (c) +15° spectrum 

   

(d) -15°energy spectrum  (e) 0°energy spectrum  (f) +15°energy spectrum 

Figure 7: DAS spectra and energy spectra at different wellbore inclinations. 

         

(a) Viscosity versus acoustic energy  (b) Water cut versus acoustic energy 
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Figure 8 (contd….) 

          

(c) Inclination versus acoustic energy  (d) Inclination versus acoustic energy 

Figure 8: Effects of different factors on DAS acoustic energy. 

4.2. DAS Response-Velocity Fitting Model for Horizontal-Well with Two-Phase Flow 

Average wellbore velocity was used to characterize the overall flow state of the oil-water mixture and was 

calculated from the effective flow area of the experimental pipe as follows: 

 𝒗 =
𝑸

𝑨
  (5) 

where 𝑣 is the average wellbore velocity (m/s), 𝑄 is the volumetric flow rate under the corresponding experimental 

condition (m³/s), and 𝐴 is the effective flow area of the experimental pipe (m²). 

As shown in Fig. (9-11), DAS acoustic energy generally increases with average wellbore velocity across different 

crude-oil viscosities, water cuts, and wellbore inclinations, although the magnitude of the increase varies among  

conditions. This trend is consistent with previous studies showing that DAS measurements are sensitive to 

wellbore inflow and can be used for flow-parameter analysis [39, 40]. Compared with previous studies that mainly 

focused on flow-state identification or parameter classification [41-43], the present experiments further quantify 

how crude-oil viscosity, water cut, and wellbore inclination modify the relationship between DAS acoustic energy 

and average wellbore velocity. These results indicate that the sensitivity of DAS acoustic energy to average 

wellbore velocity depends not only on velocity itself but also on fluid properties and wellbore conditions. 

     

(a) Pure water  (b) 3 mPa·s 
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Figure 9 (contd….) 

  

(c) 10 mPa·s  (d) 60 mPa·s 

Figure 9: DAS acoustic energy versus average wellbore velocity at 0° inclination. 

       

(a) 3 mPa·s  (b) 10 mPa·s 

  

(c) 60 mPa·s 

Figure 10: DAS acoustic energy versus average wellbore velocity at -15° inclination. 
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(a) 3 mPa·s  (b) 10 mPa·s 

 

(c) 60 mPa·s 

Figure 11: DAS acoustic energy versus average wellbore velocity at +15° inclination. 

The experimental curves in Fig. (9-11) exhibit a monotonic nonlinear increase in DAS acoustic energy with 

average wellbore velocity. The approximately linear dependence of 𝑙𝑛( 𝐸) on average wellbore velocity further 

supported the use of an exponential functional form. Based on this observed trend, an exponential model was 

fitted separately to each experimental condition by exponential regression. The coefficient of determination, R², 

was used to evaluate the goodness of fit. For the subsequent uncertainty analysis, the exponential model was log-

linearized as ln(E) = ln(α) + βv, from which the standard errors of α and β and the 95% prediction intervals were 

estimated. The adopted exponential relationship is: 

  𝑬 = 𝜶𝒆𝜷𝒗  (6) 

where 𝐸  is the DAS acoustic energy, 𝑣  is the average wellbore velocity (m/s), and 𝛼  and 𝛽  are regression 

coefficients. 

Because numerous fitted models are obtained for different combinations of crude-oil viscosity, water cut, and 

wellbore inclination, only representative conditions are presented in the main text to avoid excessive detail, as 

listed in Table 2. 
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Table 2: Fitted models and parameter uncertainty for average wellbore velocity versus DAS acoustic energy under 

representative conditions. 

Incl. (°) Visc. (mPa·s) Water Cut (%) Fitted Model R² 𝜶 ± 𝑺𝑬𝜶 𝜷 ± 𝑺𝑬𝜷 

0° - 100 E=537.87e14.172v 0.9792 537.87±58.66 14.172±0.689 

0° 

3 

0 E=123.01e17.657v 0.8550 123.01±37.96 17.657±1.949 

10 E=313.47e14.213v 0.9771 313.47±34.65 14.213±0.698 

30 E=407.97e13.799v 0.9677 407.97±51.47 13.799±0.797 

50 E=465.37e14.029v 0.9825 465.37±42.03 14.029±0.570 

70 E=662.6e13.069v 0.9719 662.60±107.63 13.069±1.026 

90 E=1311.1e10.437v 0.9881 1311.09±103.43 10.437±0.498 

10 
30 E=82.654e17.485v 0.8386 82.65±33.12 17.485±2.531 

90 E=230.52e19.268v 0.9831 230.52±26.82 19.268±0.735 

60 
30 E=477.82e14.264v 0.9955 477.82±35.75 14.264±0.473 

90 E=1797.5e11.178v 0.9913 1797.51±125.19 11.178±0.440 

-15° 

3 
30 E=2715.7e11.354v 0.9866 2715.65±200.92 11.354±0.467 

90 E=10197e7.1453v 0.9954 10196.61±285.83 7.145±0.177 

10 
30 E=9486.3e8.069v 0.9906 9486.29±407.76 8.069±0.271 

90 E=16226e6.9336v 0.9947 16225.86±405.36 6.934±0.158 

60 
30 E=23956e5.7272v 0.9892 23956.01±909.61 5.727±0.240 

90 E=33598e5.2289v 0.9959 33597.91±592.37 5.229±0.111 

+15° 

3 
30 E=15054e6.2682v 0.9858 15054.44±586.33 6.268±0.246 

90 E=22419e5.6359v 0.9853 22419.11±785.30 5.636±0.221 

10 
30 E=25875e4.7108v 0.9948 25874.53±411.44 4.711±0.100 

90 E=41054e3.6499v 0.9925 41053.95±815.13 3.650±0.125 

60 
30 E=42036e3.5215v 0.9852 42036.20±915.81 3.522±0.138 

90 E=56221e2.9802v 0.9953 56220.88±620.31 2.980±0.070 

 

The exponential model and coefficient of determination R² for each condition were obtained by exponential 

regression of the experimental data. To quantify uncertainty in the regression parameters and model predictions, 

the exponential model was log-linearized, the standard errors (SEs) of 𝛼 and 𝛽 were calculated, and 95% prediction 

intervals were estimated from the regression residuals. Across the experimental conditions, the median relative 

half-width of the 95% prediction interval was 11.12%, with an interquartile range of 6.69%-24.36%. A small number 

of conditions exhibited wider prediction intervals because of greater scatter in the experimental data. For the 

pure-water condition, α and β were 537.87 ± 58.66 and 14.172 ± 0.689, respectively, and the mean relative half-

width of the 95% prediction interval was 29.90%. Overall, the exponential model described the relationship 

between DAS acoustic energy and average wellbore velocity with good stability for most experimental conditions, 

although prediction uncertainty varied among conditions. 

4.3. Multifactor Coupled Response-Surface Model 

The preceding analyses show that average wellbore velocity, crude-oil viscosity, water cut, and wellbore 

inclination all affect the DAS acoustic response. The exponential models above primarily describe the relationship 

between DAS acoustic energy and average wellbore velocity at fixed fluid properties and wellbore conditions. In 
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actual oil-water two-phase flow, however, these factors usually vary simultaneously, and a single-variable model 

cannot fully represent DAS responses under multifactor coupling. 

Accordingly, on the basis of the exponential fits, response-surface methodology was used to develop a 

multifactor coupled model incorporating average wellbore velocity, crude-oil viscosity, water cut, and wellbore 

inclination. Because the variables have different dimensions and scales, the input parameters were first 

standardized as follows: 

  𝑿𝒊 =
𝒙𝒊−𝒙𝒊

𝝈𝒊
  (7) 

where 𝑋𝑖 is the standardized variable, 𝑥𝑖 is the original experimental variable, and 𝑥𝑖 and 𝜎𝑖are the corresponding 

mean and standard deviation, respectively. 

The natural logarithm of DAS acoustic energy was used as the response variable: 

  𝒀 = 𝒍𝒏(𝑬)  (8) 

A second-order response-surface model was then established: 

𝑌 = 7.9058 + 0.4877𝑋𝑉 + 0.2253𝑋𝐴 + 0.2698𝑋𝜇 + 0.3369𝑋𝑊𝐶 − 0.0636𝑋𝑉
2 +1.8155𝑋𝐴

2 + 0.1000𝑋𝜇
2 − 0.0403𝑋𝑊𝐶

2 −

0.0741𝑋𝑉𝑋𝐴 − 0.0558𝑋𝑉𝑋𝜇 −0.0472𝑋𝑉𝑋𝑊𝐶 − 0.1012𝑋𝐴𝑋𝜇 − 0.0547𝑋𝐴𝑋𝑊𝐶 − 0.0544𝑋𝜇𝑋𝑊𝐶   (9) 

where 𝑋𝑉、𝑋𝐴、𝑋𝜇、𝑋𝑊𝐶  denote the standardized average wellbore velocity, wellbore inclination, crude-oil viscosity, 

and water cut, respectively; the coefficients are the standardized regression coefficients of the response-surface 

model. 

The model was fitted using the experimental data included in the response-surface analysis, yielding the 

coefficient of determination: 

 𝑹𝟐 = 𝟎. 𝟗𝟏𝟓𝟗  (10) 

The adjusted coefficient of determination is: 

 𝑹𝒂𝒅𝒋
𝟐 = 𝟎. 𝟗𝟏𝟑𝟗  (11) 

These values indicate that the model adequately describes the variation in DAS acoustic energy under 

simultaneous changes in multiple factors within the experimental range. 

4.3.1. Analysis of Multifactor Coupling Effects 

Analysis of the standardized regression coefficients shows that, among the four first-order terms, average 

wellbore velocity has the largest standardized coefficient and is the primary factor affecting DAS acoustic energy; 

water cut, crude-oil viscosity, and wellbore inclination also exert clear influences. DAS acoustic energy generally 

increases with average wellbore velocity. Changes in water cut and crude-oil viscosity also lead to differences in 

acoustic-energy response. The relatively large coefficient of the quadratic inclination term indicates a nonlinear 

influence of wellbore inclination on DAS response. The interaction terms show coupling between average wellbore 

velocity and both water cut and crude-oil viscosity, indicating that the sensitivity of DAS acoustic energy to average 

wellbore velocity varies with fluid properties. 

4.3.2. Effects of Average Wellbore Velocity and Flow State 

In the response-surface model, the first-order average-wellbore-velocity term has a greater influence than the 

quadratic velocity term. Within the experimental range, DAS acoustic energy therefore increases mainly with 

average wellbore velocity, while the nonlinear velocity contribution is relatively weak. Because the input variables 

were standardized, the magnitudes of the velocity coefficients can be compared directly within the response-

surface model. The first-order velocity coefficient (0.4877) is substantially larger than the quadratic coefficient (-
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0.0636), indicating that the dependence of 𝑙𝑛( 𝐸) on average wellbore velocity is dominated by the first-order term, 

while the quadratic term contributes only weak additional curvature within the investigated range. It should be 

noted that 𝑋𝑉
2 is a standardized statistical basis term in the response-surface model and is not equivalent to the 

dimensional 𝑉2 term in the Darcy-Weisbach pressure-drop relation. Therefore, the relatively small coefficient of 𝑋𝑉
2 

does not by itself imply negligible kinetic energy or pressure drop; direct pressure-drop measurements would be 

required to support such a conclusion. Flow regimes were not directly observed in the present experiments; 

therefore, specific flow-regime transitions are not quantified. Future work may combine flow visualization, local 

phase-fraction measurements, and numerical simulation to further examine the relationships among average 

wellbore velocity, flow-regime evolution, and DAS response [44]. 

5. Conclusions 

(1) Crude-oil viscosity, water cut, and wellbore inclination all affect DAS response characteristics. As crude-oil 

viscosity increases, the dominant DAS frequency shifts overall toward lower frequencies; DAS acoustic energy 

generally increases with water cut within the investigated oil–water two-phase conditions; and both spectral and 

energy responses differ clearly among inclinations, with acoustic energy following the overall order +15° > -15° > 

0°. 

(2) DAS acoustic energy and average wellbore velocity exhibit an overall exponential relationship under 

different experimental conditions. The uncertainty analysis shows that the exponential model provides a stable 

description of the change in DAS acoustic energy with average wellbore velocity for most conditions, although 

prediction uncertainty varies among conditions. The model therefore provides a basis for subsequent DAS-based 

interpretation of wellbore flow parameters. 

(3) A multifactor response-surface model incorporating average wellbore velocity, crude-oil viscosity, water cut, 

and wellbore inclination was established. Standardized regression results identify average wellbore velocity as the 

primary factor affecting DAS acoustic energy, while water cut, crude-oil viscosity, and wellbore inclination also 

have clear effects. Coupling was observed between average wellbore velocity and both water cut and crude-oil 

viscosity and the model can characterize DAS acoustic-energy responses when multiple factors vary 

simultaneously. 
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